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Editorial on the Research Topic 


The interconnection between the tumor microenvironment and immunotherapy in brain tumors


The tumor microenvironment (TME) is an essential part of cancer and plays a key role in regulating tumor growth, progression, migration, and response to therapy in several types of cancer, including brain tumors. The TME is a complex network of cancer cells, stromal cells, and tumor-infiltrating immune cells (TIICs), in which tumor cells communicate not only with each other but also with stromal cells and immune cells. A deep understanding of the interactions between tumour cells and the TME will help us to predict patient prognosis, reduce drug resistance and develop new therapies. Immunotherapy, represented by immune checkpoint (ICP) blockade and chimeric antigen receptor (CAR)-T-cell therapy, has revolutionized cancer treatment (1, 2). However, few clinical trials have demonstrated the beneficial effects of immunotherapy on survival in brain tumor patients.

Gliomas are the most common malignant primary brain tumours in adults and are characterized by recurrence, poor prognosis, and treatment resistance. The main reason for the poor prognosis is the high heterogeneity of tumor cells and their immunosuppressive TME. TIICs are currently thought to be abundant in the immunosuppressive TME of brain tumours and are associated with prognosis. Several key roles for TIICs in brain tumours have also been reported. Current conventional therapies have failed to improve the clinical prognosis, and innovative therapeutic approaches are needed.

The Research Topic consists of 26 manuscripts focusing on various aspects related to “The Interconnection Between the Tumor Microenvironment and Immunotherapy in Brain Tumors”. We have summarized what is of particular interest in these manuscripts, including the following sections: (i) TIIcs in the TME; (ii) the relationship between ICPs and immunotherapy; and (iii) modification of RNA.




TIICs in TME

TIICs play an important role in promoting or inhibiting tumour growth. The study of TIICs has been instrumental in improving the understanding of the TME in glioma and improving the effectiveness of immunotherapy.

Macrophages are an important population of immune cells in the TME of gliomas that have immune functions and can be involved in tumour development through the release of a variety of cytokines and growth factors. Activated macrophages are usually divided into M1 macrophages, which have a predominantly antitumour response, and M2 macrophages, which promote tumour cell development and metastasis. Zhou et al. found that M2 macrophages were abundant in malignant gliomas and were associated with poor prognosis. PTEN is the most often lost tumour suppressor in primary gliomas. They also found that high PTEN expression was associated with prolonged survival in glioma patients and polarization of macrophages. This suggests that the detection of changes in PTEN status will play an important role in predicting a patient’s response to immunotherapy.

Autophagy is a key regulatory point for the interaction between glioma and the TME. Autophagy enhances the drug resistance and invasiveness of glioma cells and differentiates major macrophages to the M2 phenotype, inhibiting their phagocytosis and promoting glioma progression. Recent findings on glioma and the TME presented by Fan et al. from the perspective of autophagy may enhance the understanding of the TME and stimulate more applicable and effective strategies for targeting the TME while using autophagy to synergistically fight cancer.

Although specific markers of T cell exhaustion and activation have been studied in glioblastoma (GBM), the migration receptors they require in homing remain unknown. The expression profiles of integrin and chemokine receptors in endogenous GBM-infiltrating T cells were described and validated by Kollis et al. through single-cell RNA sequencing. This has very positive implications for improving the efficacy of T-cell immunotherapy.

Natural killer (NK) cells are a possible next research hotspot. Pan et al. summarized the characteristics of NK cell therapy in glioma treatment. The low incidence of cytokine release syndrome in patients with CAR-NK therapy significantly compensates for the disadvantages of CAR-T cell therapy. CAR-NK cells cause very little graft-versus-host disease. In addition, CAR-NK cells can kill their targets in a CAR-independent manner. They also summarized ways in which the effectiveness of the treatment may be further improved.

MXRA8 is thought to be associated with iron death and is a novel prognostic indicator. Xu et al. found that MXRA8 was significantly associated with various infiltrating immune cells, and played a key role in ferroptosis and the TME in gliomas, promoting tumour progression.





ICPs

Evolving tumour immune evasion mechanisms play an important role in the development and progression of tumours. One of the main mechanisms is related to the immune checkpoint pathway. Immune checkpoint molecules regulate the immune system and maintain its stability by stimulating and suppressing immune responses in physiological situations, but they may also be involved in cancer development. Programmed death protein 1 (PD-1) and cytotoxic T lymphocyte-associated protein 4 are two extremely important immune checkpoint proteins.

PD-1 is expressed on many immune cells and interacts with its ligands, programmed death-ligand (PD-L)1 and PD-L2, upon binding to suppress immune responses. The antitumour immune responses mediated by CD8+ T cells are suppressed by PD-L1. The tumor-infiltrating CD8+ T cell/PD-L1 axis is significant for GBM therapy, but its exact role is not clear. According to a meta-analysis by Shadbad et al., patients with untreated GBM who have PD-L1 overexpression may have a poor prognosis. Increased tumour-infiltrating CD8+ T cells in tumour tissue of patients receiving anticancer therapy may be linked to a worse prognosis because radiotherapy/chemotherapy can upregulate PD-1 expression in tumour-infiltrating CD8+ T cells as well as induce immune cells in a state of exhaustion. lncRNAs are thought to play a critical role in regulating tumour immunity, influencing the activation and function of T cells and macrophages. Polymerase 1 and transcript release factor (PTRF) expression is increased in mesenchymal phenotype GBM (3). According to Yi et al., PTRF interacts with the long noncoding RNA (lncRNA) NEAT1 to stabilize its mRNA, and through NEAT1, PTRF inhibits the expression of UBXN1, which in turn enhances NF-κB activity and, through this pathway, PD-L1 expression. Ultimately, PTRF promotes GBM immune evasion by affecting PD1-PD-L1 interactions. The PTRF-NEAT1-PD-L1 axis may be a novel immunotherapeutic target in GBM. In various cancer types, the lncRNA HOTAIR is highly expressed and linked to tumor metastasis. HOTAIR expression is also elevated in the mesenchymal phenotype of GBM (4). Wang et al. reported that HOTAIR was an activator of the NF-κB pathway lncRNA, its levels positively correlated with PD-L1 levels, and its apparent upregulation promoted inflammatory signaling and immune escape in glioma cells.

PD-L2 is also a PD-1 ligand that can mediate cancer cell immune escape. Xie et al. showed that PD-L2 was overexpressed in glioma tissue and was associated with poor prognosis and immune cell infiltration. In addition, PD-L2 may be a promising predictive biomarker for selecting the best individualized treatment strategy.





Modification of RNA

The study of RNA epitranscriptomics is at the forefront of the field of specific chemical modifications of biomolecules. RNA can have multiple chemical modifications that affect gene expression to varying degrees. Their importance in cancer is gradually being discovered, opening up new possibilities for cancer therapy. Important internal RNA modifications include 5-methylcytosine (m5C), N6-methyladenosine (m6A), 7-methylguanosine, N1-methyladenosine and others (5).

The most widespread internal modification of RNA is the methylation of adenosine at the 6-position to give m6A. Proteins involved in this process are m6A “writers”, m6A “erasers” and m6A “readers”. The “writers” are responsible for the installation of m6A, including METTL3 and METTL14, among others (6). The “erasers” have demethylation capabilities and are responsible for the deletion of m6A, including ALKBH5 and FTO, among others (7, 8). “Readers” regulate m6A expression, including YTHDF1 and YTHDF2 (9, 10). m6A modification has been shown to affect the progression of many cancers; for example, in breast cancer, METTL3, HBXIP and let-7g miRNAs form a positive feedback loop to promote cell proliferation (11). However, the relationship between m6A modifications and the TME in GBM is not fully understood at present. The relationship between m6A regulators and other factors was examined by Yuan et al. using bioinformatics and statistical methods. They discovered that at the single-cell level, m6A alterations promote GBM cancer cells to be in a stem cell state and, through ICPs and the GALECTIN signaling pathway, support the development of an immunosuppressive TME. They also identified two m6A-ICP expression patterns (high m6A/low ICP and low m6A/high ICP). ALKBH5 is a m6A “eraser” located in the nucleus, and overexpression of ALKBH5 results in low levels of m6A. Gene Ontology and Kyoto Encyclopedia of Genes and Genomes enrichment analysis by Wei et al. showed that ALKBH5 is associated with inflammatory, metabolic and immune processes in gliomas. ALKBH5 expression also affects sensitivity to immunotherapy and is associated with ICP expression. The ALKB family in GBM underwent thorough analysis by Feng et al. They found that the expression levels of ALKBH2 and ALKBH8 were significantly increased in GBM compared to normal tissues and that greater expression was associated with higher levels of mRNA processing and poorer patient prognosis. This study also showed a close link between DNA damage repair in GBM and the biological activity of members of the ALKB family.

Based on 32 regulatory genes, Xu et al. comprehensively assessed 539 non-m6A RNA modification patterns in GBM and connected these changes to TME invasion and mesenchymal conversion traits. They ultimately identified three patterns of non-m6A RNA modifications associated with different clinical features and biological pathways. This investigation uncovered possible connections between non-m6A RNA modification regulators and clinical characteristics, TME status, and GBM subtypes and clarified their therapeutic potential.

Although the prognosis for patients with lower-grade glioma (LGG) is relatively good, patients frequently relapse and tend to progress to higher grade gliomas, ultimately leading to treatment failure. Eight lncRNA m5C-associated prognostic signatures were established and validated by Zhou et al. for predicting prognosis and treatment response in LGG patients. This provides a promising target for further research.





Prospective

This editorial summarizes the key findings of the Research Topic “The Interconnection Between the Tumor Microenvironment and Immunotherapy in Brain Tumors”. Here, we present an understanding of the interactions between TIICs in the TME of brain tumours, the potential prognostic factors in the TME that predict patient survival, and the impact of specific components of the TME on the efficacy of immunotherapy or other oncological treatments. Important findings are summarised in Figure 1. Immunotherapy has shown great potential in a variety of cancers, and we hope that this Research Topic will contribute to an increased awareness and understanding of the link between the tumour microenvironment and immunotherapy in brain tumours, providing an opportunity to improve treatments and improve patient prognosis.




Figure 1 | The landscape of tumor microenvironment in brain tumors. m6A, N6-methyladenosine; NK, natural killer; PD-1, Programmed death protein 1; PD-L1, programmed death-ligand 1; PD-L2, programmed death-ligand 2; PTRF, polymerase 1 and transcript release factor.
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Based on preclinical findings, programmed death-ligand 1 (PD-L1) can substantially attenuate CD8+ T-cell-mediated anti-tumoral immune responses. However, clinical studies have reported controversial results regarding the significance of the tumor-infiltrating CD8+ T-cells/PD-L1 axis on the clinical picture and the response rate of patients with high-grade glial tumors to anti-cancer therapies. Herein, we conducted a systematic review according to the preferred reporting items for systematic reviews and meta-analyses (PRISMA) statements to clarify the clinical significance of the tumor-infiltrating CD8+ T-cells/PD-L1 axis and elucidate the impact of this axis on the response rate of affected patients to anti-cancer therapies. Indeed, a better understanding of the impact of this axis on the response rate of affected patients to anti-cancer therapies can provide valuable insights to address the futile response rate of immune checkpoint inhibitors in patients with high-grade glial tumors. For this purpose, we systematically searched Scopus, Web of Science, Embase, and PubMed to obtain peer-reviewed studies published before 1 January 2021. We have observed that PD-L1 overexpression can be associated with the inferior prognosis of glioblastoma patients who have not been exposed to chemo-radiotherapy. Besides, exposure to anti-cancer therapies, e.g., chemo-radiotherapy, can up-regulate inhibitory immune checkpoint molecules in tumor-infiltrating CD8+ T-cells. Therefore, unlike unexposed patients, increased tumor-infiltrating CD8+ T-cells in anti-cancer therapy-exposed tumoral tissues can be associated with the inferior prognosis of affected patients. Because various inhibitory immune checkpoints can regulate anti-tumoral immune responses, the single-cell sequencing of the cells residing in the tumor microenvironment can provide valuable insights into the expression patterns of inhibitory immune checkpoints in the tumor micromovement. Thus, administrating immune checkpoint inhibitors based on the data from the single-cell sequencing of these cells can increase patients’ response rates, decrease the risk of immune-related adverse events development, prevent immune-resistance development, and reduce the risk of tumor recurrence.
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Introduction

High-grade glial tumors, e.g., glioblastoma, are among the frequently diagnosed primary brain tumors; however, the prognosis of affected patients with the current treatment is dismal. Although surgery and radio/chemotherapy are considered the first-line therapies for these patients, their response rates have not led to desired outcomes for affected patients. Indeed, a better understanding of the biology of immune cells and the impact of surgery and radio/chemotherapy on the phenotype of immune cells can be essential in increasing their response rates (1).

Traditionally, glial tumors were considered “cold tumors.” The common belief was that immune cells could not cross the blood-brain barrier to develop anti-tumoral immune responses. However, it has been shown that immune cells can cross the blood-brain barrier, and indeed, they have substantial roles in determining the response rates of radiotherapy (2). Recent advances in immuno-oncology have shown that immunotherapy can be a promising approach for treating patients with high-grade glial tumors (3). Nevertheless, the immunosuppressive tumor microenvironment impedes the development of anti-tumoral immune responses. Besides facilitating immune evasion, the immunosuppressive tumor microenvironment can pave the way for tumor proliferation and migration (4).

Inhibitory immune checkpoint axes are among the well-studied culprits in transforming the pro-inflammatory tumor microenvironment to the immunosuppressive one. The PD-L1/programmed cell death protein 1 (PD-1) axis is a well-known inhibitory immune checkpoint axis that can be established between immune cells and tumoral cells. The expression of PD-1 and PD-L1 in the tumor microenvironment have been associated with tumor development (5). Furthermore, growing evidence indicates remarkable associations between PD-1 and other inhibitory immune checkpoints, e.g., V-domain immunoglobulin suppressor of T cell activation (VISTA) and T cell immunoreceptor with Ig and ITIM domains (TIGIT), which can further attenuate anti-tumoral immune responses (6–9).

Accumulating evidence indicates that anti-cancer therapy can substantially alter the tumor microenvironment. Recent findings have demonstrated that chemo-radiotherapy can up-regulate inhibitory immune checkpoints expression and induce a state of exhaustion in tumor infiltration immune cells, e.g., tumor-infiltrating CD8+ T-cells (10). Besides, the administration of immune checkpoint inhibitors, e.g., anti-PD-1, has been associated with an increased response rate of anti-cancer therapies in patients with high-grade glial tumors (11). However, the response rates among the affected patients considerably vary. Indeed, some clinical trials have failed to report meaningful benefits of immune checkpoint inhibitors administration in patients with glioblastoma (11, 12). Moreover, despite the well-established anti-tumoral function of CD8+ T-cells in eliminating tumoral cells in preclinical studies, there have been controversial results regarding the significance of tumor-infiltrating CD8+ T-cells in patients with high-grade glial tumors (13–16). In light of these controversial results, there is a need to clarify the significance of the tumor-infiltrating CD8+ T-cells/PD-L1 axis in patients with high-grade glial tumors.

The current study aims to systematically review and sort out the current evidence on the cross-talk between tumor-infiltrating CD8+ T-cells with PD-L1 and their impacts on the prognosis, the clinicopathological features, and the response rate of patients with high-grade glial tumors to anti-cancer therapies. Based on the current clinical and preclinical evidence, we also propose a novel strategy for immune checkpoint inhibitor administration, based on single-cell sequencing and personalized medicine principles, to increase the response rates and ameliorate the prognosis of affected patients.



Methods

The present study was performed according to the PRISMA statements (17). Concerning the PICO, the studied population is patients with high-grade glial tumors. The intervention/exposure is the level of tumor-infiltrating CD8+ T-cells/tumoral PD-L1 expression with regard to the prognosis/clinicopathological feature of affected patients. The comparator is the patients with the low level of tumor-infiltrating CD8+ T-cells/high PD-L1 expression. The outcome is a better understanding of the impact of the tumor-infiltrating CD8+ T-cells/PD-L1 axis on the response rate to anti-cancer therapies and the clinical picture of affected patients.


Search Strategy

Without restricting to any languages or time, the Web of Science, Scopus, PubMed, and Embase databases were systematically searched to obtain the peer-reviewed records published before 1 January 2021. For this purpose, all fields of records were systematically searched with the following keywords: (“glioma” OR “glioblastoma multiforme” OR “glioblastoma” OR “astrocytoma” OR “ependymoma” OR “subependymoma” OR “oligodendroglioma” OR “oligoastrocytoma” OR “sub-ependymoma” OR “sub ependymoma”) and (“programmed death-ligand 1” OR “PD-L1” OR “PD L1” OR “PDL1” OR “B7-H1” OR “B7 H1” OR “B7H1” OR “CD274” OR “cluster of differentiation 274” OR “CD 274” OR “cluster of differentiation274” OR “B7 homolog 1” OR “PDCD1 Ligand 1” OR “PDCD1LG1” OR “PDCD1L1” OR “HPD-L1”) and (“CD8” OR “CD 8” OR “Cluster of differentiation 8” OR “Cluster of differentiation-8” OR “Cluster of differentiation8” OR “CD8A” OR “T-lymphocyte differentiation antigen T8/Leu-2” OR “CD8 antigen” OR “CD 8 antigen” OR “Leu2 T-Lymphocyte antigen” OR “CD8a molecule” OR “T-cell antigen Leu2” OR “cytotoxic T cell” OR “cytotoxic T lymphocyte” OR “CTL” OR “T-killer cell” OR “cytolytic T cell” OR “CD8+ T-cell” OR “killer T cell”).



Study Selection

Following the systematic search, the obtained records were reviewed in two phases. In phase I, two authors (NH and ZA) independently screened the relevant papers based on their titles and abstracts. In phase II, the same authors independently reviewed the full text of the remaining papers, along with their supplementary data. Any disagreements were resolved via consulting with B.B and consensus.



Eligibility Criteria

Records with the following eligibility criteria were included in this study : (1) clinical studies, (2) investigations with the objective of assessing the tumor-infiltrating CD8+ T-cells and the protein expression of PD-L1 in patients with high-grade glial tumors, (3) studies, which investigated and published the quantified relationship between PD-L1 and tumor-infiltrating CD8+ T-cells or the clinicopathological significance of PD-L1 and tumor-infiltrating CD8+ T-cells or the prognostic values of PD-L1 and tumor-infiltrating CD8+ T-cells in patients with high-grade glial tumors, and (4) studies, which were published in English.

Based on the following criteria, records were excluded from this study: (1) studies that investigated the tumor-infiltrating CD8+ T-cells and the protein expression of PD-L1 in patients with low-grade glial tumors, (2) studies that investigated the tumor-infiltrating CD8+ T-cells and the expression of tumoral PD-L1 in glial tumors without considering tumor grades, (3) studies that investigated the cross-talk between PD-L1 and circulating CD8+ T-cells in the blood of the affected patients, (4) studies that investigated the CD8+ T-cells and PD-L1 in a co-culture system, and (5) studies that were based on the data from databases, like The Cancer Genome Atlas (TCGA).



Data Extraction

The following data were extracted from the included studies: (1) the first author, (2) publication year, (3) the used antibody, (4) the endpoint, (5) the country, (6) the type of high-grade glial tumor, (7) the sample size, (8) the treatment of affected patients, (9) the prognostic values of protein expression of PD-L1/tumor-infiltrating CD8+ T-cells, (10) the association between protein expression of PD-L1/tumor-infiltrating CD8+ T-cells, (11) the clinicopathological significance of protein expression of PD-L1/tumor-infiltrating CD8+ T-cells, and (12) and the cut-off for PD-L1 and tumor-infiltrating CD8+ T-cells.



Quality Assessment of the Included Studies

We applied the criteria of Hayden et al. statements for assessing the quality of the prognostic studies (18). We also utilized the Joanna Briggs Institute (JBI) checklist for assessing the studies that investigated the relationship between PD-L1 and tumor-infiltrating CD8+ T-cells in patients with high-grade glial tumors (19).




Results


Selected Studies

Our systematic search on PubMed, Scopus, Embase, and Web of Science retrieved 7468 records. After removing duplication records, 7142 records remained. Based on the independent review of two authors in phase I, 5983 studies were excluded. In phase II, two authors independently reviewed the full text of 1159 studies, along with their supplementary data. Finally, based on the full-text assessment of studies, seven papers were included in the qualitative synthesis. Figure 1 demonstrates the flowchart of literature identification, inclusion, and exclusion.




Figure 1 | The flow chart of the study selection process.





Study Characteristics

The included studies were published between 2015 to 2020. Six out of seven studies have investigated high-grade glioma patients (15, 16, 20–23), and one study has investigated high-grade ependymoma patients (24). Table 1. demonstrates the general characteristics of the included studies.


Table 1 | The general characteristics of the included studies.



We have found a significant increase in the level of tumor-infiltrating CD8+ T-cells in the second surgery of glioblastoma patients treated with surgery/fractionated radiotherapy/temozolomide compared to the first resected tumor (P-value=0.009) (Table 2). Besides, membranous PD-L1 expression has been more pronounced in the newly diagnosed glioblastoma tissues compared to recurrent glioblastoma tissues (P-value=0.034) (Table 2).


Table 2 | The clinical significance of tumor-infiltrating CD8+ T-cells/PD-L1 axis in high-grade glioma patients.



The increased level of tumor-infiltrating CD8+ T-cells has been associated with improved overall survival (OS) in high-grade glioma patients who have not been exposed to anti-cancer therapies (P-value<0.05) (Table 3). However, increased level of tumor-infiltrating CD8+ T-cells has been associated with worse OS from the second surgery glioblastoma patients who have been exposed to anti-cancer therapies (P-value=0.017) (Table 3). Besides, the increased level of tumor-infiltrating CD8+ T-cells has been associated with inferior survival from the second surgery in glioblastoma patients who have been exposed to anti-cancer therapies (P-value=0.005) (Table 3). We have observed that PD-L1 overexpression is associated with inferior OS in glioblastoma patients who have not been exposed to anti-cancer therapies (P-value=0.0119) (Table 3).


Table 3 | The prognostic value of tumor-infiltrating CD8+ T-cells/PD-L1 axis in high-grade glioma patients.



We have found that PD-L1 expression is inversely correlated with tumor-infiltrating CD8+ T-cells in glioblastoma patients who have not been exposed to anti-cancer therapies (r = -0.5064, and P-value= 0.0003) (Table 4). Also, we have observed that there is a remarkable relationship between the tumor-infiltrating CD8+ PD-1+ T-cells with tumor-infiltrating PD-1+ lymphocytes in glioblastoma patients (P<0.001) (Table 4). Besides, increased PD-1+/tumor-infiltrating CD8+ T-cell ratio is associated with worse OS and progression-free survival (PFS) in glioblastoma patients (P-value<0.001, and P-value=0.01, respectively) (Table 4). The survival of patients with low PD‐L1 expression and low CD8+ infiltration is similar to those with high PD‐L1 expression and low CD8+ infiltration in glioblastoma patients who have not been exposed to anti-cancer therapies (P-value<0.05) (Table 4). Moreover, the low expression of PD-L1 and high level of tumor-infiltrating CD8+ T-cells are associated with improved OS in glioblastoma patients who have not been exposed to anti-cancer therapies (P-value<0.05) (Table 4). Furthermore, a high PD-1+/tumor-infiltrating CD8+ T-cells ratio is negatively associated with improved PFS and OS of glioblastoma patients (r =-0.444, P-value<0.02, and r=-0.655, P-value<0.001, respectively) (Table 4). We have observed a strong positive association between PD-L1 expression and tumor-infiltrating CD8+ T-cell in patients with high-grade ependymomas (P-value=0.03) (Table 3S).


Table 4 | The cross-talk between the PD-L1/PD-1 axis and tumor-infiltrating CD8+ T-cells in glioblastoma.





Evaluating the Bias in the Included Studies

We assessed the included studies concerned with the prognostic values of the PD-L1/tumor-infiltrating CD8+ T-cells axis based on the Hayden et al. statement (18). The main risk areas were confounding measurement and outcome measurement (Table 1S). Furthermore, we evaluated the remaining studies based on the JBI checklists (19). The main risk areas were addressing potential cofounders (Table 2S).




Discussion

Tumor-infiltrating CD8+ T-cells are pivotal cells in eliminating tumoral cells; however, the immunosuppressive tumor microenvironment of solid cancers impedes the development of anti-tumoral immune responses. Indeed, establishing co-inhibitory signals between the tumor-infiltrating immune cells can substantially transform the pro-inflammatory tumor microenvironment into an immunosuppressive one. Besides, the immunosuppressive tumor microenvironment has been implicated in tumor development (5, 25, 26). The PD-L1/PD-1 axis is a well-established inhibitory axis that can attenuate the anti-tumoral immune responses. Besides facilitating immune evasion, tumoral PD-L1 has been implicated in tumor proliferation and migration in glioblastoma. Indeed, PD-L1 knockdown can inhibit tumor growth in mice bearing glioblastoma (27). In the first and second sections, we aim to discuss the clinical significance and prognostic value of this axis and compare our observed results with preclinical and clinical studies. In the third section, we intend to discuss the association between tumor-infiltrating CD8+ T-cells with PD-L1 expression in high-grade glial tumors. Finally, we propose a novel strategy to address the shortcomings of immune checkpoint inhibitors that have been reflected in unfavorable objective response rates in multiple clinical trials.


The Clinical Significance of the Tumor-Infiltrating CD8+ T-Cells/PD-L1 Axis

We have found a significant increase in the level of tumor-infiltrating CD8+ T-cells in the second resected glioblastoma tumors treated with anti-cancer therapies (paired data). However, there has been no statistically significant change in the level of tumor-infiltrating CD8+ T-cells in recurrent glioblastoma patients and newly diagnosed glioblastoma patients treated with chemotherapy/investigational agents (unpaired data) (Table 2). Consistent with our results, Yue et al. have reported a strong positive association between increased CD8+ T-cells infiltration and positive O6-methylguanine DNA methyltransferase (MGMT) expression in glioblastoma patients (28). Indeed, positive MGMT has been associated with chemoresistant tumors in glioblastoma patients (29). These findings are consistent with our observed results regarding the increased infiltration of CD8+ T-cells in recurrent glioblastomas. In line with these, preclinical studies have also indicated that anti-cancer therapy of glioma can pave the way for T-cells infiltration. Weichselbaum et al. have shown that radiotherapy can facilitate T-cell infiltration via the release of tumor antigens and danger-associated molecular patterns. Indeed, radiotherapy can up-regulate the expression of C-X-C motif ligand 9 (CXCL9) and C-X-C motif ligand 10 (CXCL10), leading to the recruitment of immune cells (30). Moreover, recent findings indicate that radiation can induce major histocompatibility complex (MHC)-I expression, associated with the infiltration of CD8+ T-cells into the microenvironment (31).

We have found a remarkable upregulation in PD-L1 in the newly diagnosed glioblastomas compared to the recurrent glioblastomas treated with chemotherapy/investigational agents (Table 2). Consistent with this, Heynckes et al. have indicated that temozolomide can inhibit PD-L1 expression in recurrent glioblastoma (32). Besides, it has been reported that PD-L1 expression in recurrent glioblastoma is substantially downregulated following treatment with temozolomide in affected patients (33). Therefore, the insignificant result of the study by Miyazaki et al. might be stemmed from their low sample size. Collectively, based on the current evidence, the level of tumor-infiltrating CD8+ T-cells and the expression level of PD-L1 are substantially increased and decreased in the recurrent glioblastomas compared to newly diagnosed glioblastomas.



The Prognostic Value of Tumor-Infiltrating CD8+ T-Cells/PD-L1 Axis

We have found that PD-L1 overexpression can be associated with inferior OS in glioblastoma patients who have not been exposed to anti-cancer therapies (Table 3). Consistent with our detected results, Xue et al. have pooled the data from the patients who underwent chemo/radiotherapy after resection with patients treated with other therapeutic modalities and have indicated that PD-L1 can be associated with worse OS in patients with gliomas (34). Nduom et al. have shown that PD-L1 overexpression can be associated with shorter survival in glioblastoma patients (35). Han et al. have indicated that the overexpression of PD-L1 in resected glioblastoma tissues is remarkably associated with the inferior survival of affected patients (36). Besides, Lee et al. have indicated that PD-L1 expression in resected unexposed glioblastoma tissues is associated with worse OS in glioblastoma patients (37).

Regarding the prognostic value of tumor-infiltrating CD8+ T-cells, the level of tumor-infiltrating CD8+ T-cells might be associated with improved OS in glioblastoma patients who have not been exposed to anti-cancer therapies before. However, tumor-infiltrating CD8+ T-cells might be associated with inferior OS and worse survival from the second surgery in glioblastoma patients who were previously exposed to anti-cancer therapies (Table 3). Consistent with our detected results, Madkouri et al. have indicated increased infiltration of CD8+ T-cells is associated with improved OS of glioblastoma patients who have not been exposed to anti-cancer therapies before (13). Moreover, Kim et al. have demonstrated that increased infiltration of CD8+ T-cells in the resected glioblastoma tissues, which have not been exposed to anti-cancer therapies before, can improve the survival of glioblastoma patients (14). In other words, these results have indicated that anti-cancer therapies can continuously lead to the exhaustion of tumor infiltrated CD8+ T-cells and pave the way for the transformation of the pro-inflammatory tumor microenvironment into the immunosuppressive one.

Our observed results are also consistent with the preclinical findings. Dai et al. have shown that the combination of anti-PD-1 and temozolomide can substantially decrease tumor size and increase the survival of mice bearing gliomas (10). In mice models of glioblastoma, anti-PD-1 has also remarkably increased the anti-tumoral proprieties of temozolomide via down-regulating the expression of lymphocyte-activation gene 3 (LAG-3) and PD-1 (11). Grapin et al. have indicated that radiotherapy can lead to the TIGIT upregulation in the tumor-infiltrating CD8+ T-cells (38). In line with this, the combination of fractionated radiotherapy and the administration of immune checkpoint inhibitors can lead to the abscopal effect, resulting in tumor rejection (31). Besides, it has been reported that anti-PD-1 with localized radiation can substantially increase the survival of mice bearing gliomas compared to monotherapy with radiation (39). Consistent with these, Li et al. have highlighted a remarkable PD-1 upregulation in CD8+ T-cells following radiation therapy (40). Besides, Dovedi et al. have shown that fractionated radiotherapy can up-regulate PD-1 expression in CD8+ T-cells, and the administration of immune checkpoint inhibitors can considerably increase the survival of affected mice (41). Moreover, accumulating evidence indicates that radiation can facilitate the recruitment of regulatory T-cells (Tregs) into the tumor microenvironment. Tregs can up-regulate the expression of interleukin (IL)-10 and transforming growth factor-beta (TGF-β) in the tumor microenvironment. Sharabi et al. have shown that the anti-PD-1 or Treg depletion can substantially increase radiation efficacy in eliminating tumoral cells (42). Besides, Tregs can up-regulate cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) expression and further attenuate the anti-tumoral immune responses. Indeed, CTLA-4 upregulation might be one of the reasons for developing resistance in immune-radiotherapy (43). Besides the beneficial effect of immune checkpoint inhibition on the response rate of glioma radiotherapy, radiotherapy can also increase the permeability of the blood-brain barrier for immune checkpoint inhibitors (44, 45). Therefore, the administration of immune checkpoint inhibitors can increase radiotherapy efficacy and vice versa (41, 42). Collectively, the current evidence indicates that exposure to anti-cancer therapies, e.g., chemo-radiotherapy, can up-regulate inhibitory immune checkpoint molecules in tumor-infiltrating CD8+ T-cells, and unlike unexposed patients, increased tumor-infiltrating CD8+ T-cells in anti-cancer therapy-exposed tumoral tissues can be associated with the inferior prognosis of affected patients.



The Cross-Talk Between the PD-L1/PD-1 Axis and Tumor-Infiltrating CD8+ T-Cells in High-Grade Glial Tumors

We have observed a significant association between tumor-infiltrating PD-1+ lymphocytes with tumor-infiltrating CD8+ PD-1+ T-cells in glioblastoma patients treated with chemotherapy/investigational agents. Su et al. have shown a significant inverse relationship between PD-L1 expression and the intensity of tumor-infiltrating CD8+ T-cells in glioblastoma patients who have not been exposed to anti-cancer therapies (Table 4). Nambirajan et al. have reported a strong positive association between PD-L1 expression and the level of tumor-infiltrating CD8+ T-cells in patients with high-grade ependymoma (Table 3S).

We have found that the combination of low PD-L1 expression and high infiltration of CD8+ T-cells is associated with improved OS in glioblastoma patients who have not been exposed to anti-cancer therapies. Also, the survival rate of glioblastoma patients with low PD-L1 expression and low level of tumor-infiltrating CD8+ T-cells has been similar to the survival rate of glioblastoma patients with high PD-L1 expression and low level of tumor-infiltrating CD8+ T-cells, indicating the critical prognostic value of CD8+ T-cells and its phenotype in determining the survival of glioblastoma patients who have not been exposed to anti-cancer therapies. Besides, a high PD-1+/tumor-infiltrating CD8+ T-cell ratio has been associated with substantially inferior PFS and OS in glioblastoma patients (Table 4). Collectively, the presence phenotype of tumor-infiltrating CD8+ T-cells has an essential role in determining the survival of glioblastoma patients.



Single-Cell Sequencing: A Novel Strategy to Address the Daunting Challenges?

Although PD-1 expression in the tumor-infiltrating CD8+ T-cells can substantially attenuate anti-tumoral effects of cancer therapies, the tumor microenvironment of glioblastoma is more complicated than its direction can be determined by the expression level of a single inhibitory immune checkpoint molecule. Indeed, various axes, which the PD-L1/PD-1 axis is one of them, determine the fate of anti-tumoral immune responses. Besides the remarkable association between CTLA-4 and PD-1, recent findings have indicated remarkable associations between other inhibitory immune checkpoints, e.g., TIGIT, in gliomas (46). Thus, immunotherapies for glioblastoma patients should be focused on disrupting these inhibitory checkpoints to restore anti-tumoral immune responses.

Furthermore, the low response rate of glioblastoma patients to immune-checkpoint inhibitors compared to melanoma patients also indicates that the glioblastoma tumor microenvironment might not be regulated by a single inhibitory molecule rather a network of the inhibitory immune checkpoints. Nayak et al. have reported that the objective response rate of glioblastoma patients to monotherapy with pembrolizumab is 0% (47). Reardon et al. have shown that the objective response rate of glioblastoma patients to monotherapy with nivolumab is approximately 7.8% (12). Blumenthal et al. have found that monotherapy with pembrolizumab does not bring clinical benefits for patients with brain tumors (48). In contrast to these dismal results, a meta-analysis by Li et al. has shown that PD-1 inhibitors can remarkably improve the OS of melanoma patients (49).

Moreover, the current method of immune checkpoint inhibitors administration can increase the risk of immune-related adverse events development. Administrating immune checkpoint inhibitors without considering the expression patterns of immune checkpoint molecules in the tumor microenvironment cannot effectively stimulate anti-tumoral immune responses in the tumor microenvironment rather can increase the risk of autoimmunity development in healthy tissues (50, 51). Simonelli et al. have reported a glioblastoma patient that nivolumab administration led to severe liver damage (52). Comito et al. have reported a glioblastoma patient that developed aplastic anemia following treatment with nivolumab (53). Therefore, immune checkpoint inhibitors should be administrated according to the immune checkpoints expression patterns in the cells residing in the tumor microenvironment to minimize the risk of immune-related adverse events development (6–8).

Single-cell sequencing technology has allowed us to study the cells at the single-cell level. The single-cell sequencing of immune cells, e.g., tumor-infiltrating CD8+ T-cells, enables us to demonstrate the expression patterns of various inhibitory immune checkpoint molecules (54). Indeed, the expression profile of the cells in the tumor microenvironment can allow us to design a precise regimen for each patient to increase the response rate of immune checkpoint inhibitors and decrease the risk of immune-related adverse events development following the administration of immune checkpoint inhibitors (54, 55) (Figure 2).




Figure 2 | The administration of immune checkpoint inhibitors based on the inhibitory immune checkpoint expression profile of each patient can improve patients’ response rates, decrease the risk of immune-related adverse events development, prevent the immune-resistance development, and reduce the risk of tumor recurrence. The components of this figure were obtained from https://smart.servier.com/.



Besides, single-cell sequencing can provide valuable insights for predicting the response rate of affected patients to immune checkpoint inhibitors. Although there are established biomarkers for predicting the response rate of patients with solid cancers to immune checkpoint inhibitors, e.g., BRCA1/2 alteration and mismatch-repair status, the data from single-cell sequencing can study the cells and their origins at the single-cell level and provide with more valuable prognostic biomarkers (56, 57). In this regard, it has been identified that the expression of TCF7 in CD8+ T-cells can be a prognostic factor for predicting the response rate of melanoma patients to anti-PD-1 therapy (58).

Zhai et al. have applied single-cell sequencing techniques to investigate the expression of immune checkpoints in resected high-grade glioma. They have found that the expression of the inhibitory immune checkpoints and their pertained ligands in tumoral cells is substantially increased during tumorigenesis (59). Huang et al. have used bioinformatic single-cell sequencing data of immune cells and have demonstrated that CTLA-4 is remarkably up-regulated in natural killer cells (60). Besides the potentiality of this technology in profiling the expression of known inhibitory immune checkpoint molecules and their expression intensities, this technology can also provide new insights about novel inhibitory immune checkpoints in high-grade glial tumors. Li et al. have reported that the sialic acid-binding Ig-like lectin family is a novel inhibitory immune checkpoint in glioma. They have shown that sialic acid-binding Ig-like lectin-16 is functionally similar to PD-L1 and sialic acid-binding Ig-like lectin-5/-7/-9 are functionally similar to immunoglobulin mucin-3 (TIM-3). Besides, their expression levels have been associated with advanced tumor grades in patients with glioma (61). Tan et al. have used bioinformatic single-cell sequencing data of immune cells and have indicated that the expression of sialic acid-binding Ig like lectin 1 is positively correlated with PD-1 and CTLA-4 in glioma (62). A recent clinical trial has used cytometry by time-of-flight technique to identify the reason for the low response rate of glioblastoma patients to pembrolizumab. They have found that the overexpression of CD68 in the tumor microenvironment can be the culprit for the low response rate of glioblastoma patients to pembrolizumab (63). Indeed, the application of single-cell sequencing can provide ample opportunities to investigate the factors that are implicated in immune resistance. Besides, radio/chemotherapy can augment the inhibitory immune checkpoint axes in glioblastoma patients; thus, integrating the results of single-cell sequencing to proscribe immune checkpoint inhibitors can also effectively and precisely improve the response rates of glioblastoma patients.

Despite the promising future of this approach for patients with high-grade glial tumors, this approach has some limitations. The most noticeable limitation of this approach is its complex nature that requires the implantation of high technologies. Its second limitation might be stemmed from the fact that the expression level obtained from sequencing RNAs does not always correlate with their protein expressions because the post-transcriptional modifications can substantially alter the protein expressions. Nevertheless, the recent advances in antibody sequencing and RNA expression and protein sequencing (REAP-seq) technologies can overcome this issue and provide a better insight into the phenotype of cells (55). Its third limitation is that the tumor-microenvironment is highly dynamic, and serial sequencing might be required for optimal results. Thus, follow-up sequencing might be needed. Nevertheless, the promising preclinical results and the recent advances in deep learning might justify its translation and open a new era in the neuro-oncology field (64).

Collectively, PD-L1 overexpression can be associated with the poor prognosis of glioblastoma patients who have not been exposed to anti-cancer therapies. Since anti-cancer therapies, like chemo-radiotherapy, can increase the expression of inhibitory immune checkpoint molecules in tumor-infiltrating CD8+ T-cells, exposed glioblastoma tissues to anti-cancer therapies can exhaust tumor-infiltrating CD8+ T-cells and these exhausted tumor-infiltrating CD8+ T-cells are associated with the inferior prognosis of glioblastoma patients. Nevertheless, the increased infiltration of tumor-infiltrating CD8+ T-cells is associated with the improved prognosis of glioblastoma patients who have not been exposed to anti-cancer therapies. Therefore, profiling the expression pattern of inhibitory immune checkpoints in the tumor microenvironment via single-cell sequencing technologies and administrating related immune checkpoint inhibitors based on these data can pave the way to increase the response rate of anti-cancer therapies, enhance the efficacy of immune checkpoint inhibitors, decrease the risk of tumor recurrence, improve the immune-resistance state, and reduce the risk of autoimmunity development in the affected patients.

The current systematic review has some strengths: First, all fields of the major electronic databases, i.e., Web of Science, Scopus, PubMed, and Embase, have been searched to minimize the risk of not including eligible studies. Second, the current systematic review has shed light on the controversial results accumulating during the past decade and, via a systematic and unbiased approach, have elucidated the significance of the tumor-infiltrating CD8+ T-cells/PD-L1 axis in the affected patients. Third, the current systemic review has sorted out the inconsistencies between preclinical and clinical studies and presented novel insights into the tumor microenvironment. Fourth, along with the recent phase II “window-of-opportunity” clinical trial, we have highlighted the potential role of single-cell sequencing in increasing the response rates of anti-cancer therapies, decreasing the risk of immune-related adverse events development, preventing the immune-resistance development, and reducing the risk of tumor recurrence in affected patients. Nevertheless, the current systematic review has some limitations as well. First, the number of included studies has been low because high-grade glial tumors are not as prevalent as other cancers, like breast and lung cancers. Second, our included studies have been limited to the investigations that have been published in English. Third, ideally, studies would apply novel single-cell sequencing-based approaches, e.g., mass cytometry, to study the expression profile of well-established inhibitory immune checkpoints on immune cells; however, so far, the main detection method has been immunohistochemistry (IHC). Therefore, more investigations on the promising potentiality of single-cell sequencing on the profiling of inhibitory immune checkpoints expression are recommended to ameliorate affected patients’ prognosis.




Conclusion

PD-L1 overexpression can be associated with inferior prognosis in glioblastoma patients unexposed to anti-cancer therapies, e.g., chemo-radiotherapy. We have found that the level of tumor-infiltrating CD8+ T-cells can be associated with improved prognosis in glioblastoma patients who have not been exposed to chemo-radiotherapy. Nevertheless, their infiltration level is associated with inferior prognosis in glioblastoma patients who underwent radio/chemotherapy because radio/chemotherapy can up-regulate the expression of inhibitory immune checkpoint molecules, e.g., PD-1, in tumor-infiltrating CD8+ T-cells and induce a state of exhaustion in immune cells. Indeed, the expression of inhibitory immune checkpoint molecules in tumor-infiltrating CD8+ T-cells decreases the response rate of anti-cancer therapies; thus, the administration of immune checkpoint inhibitors can improve the response rates of radio/chemotherapy approaches. Single-cell sequencing of the cells that reside in the tumor microenvironment can allow us to identify the profile of expressed inhibitory immune checkpoint molecules, which can be used to prescribe related immune checkpoint inhibitors. In this approach, the response rate of affected patients can be improved, and the risk of immune-related adverse events development following administration of immune checkpoint inhibitors can be decreased. However, the technical challenges and the cost of the suggested approach requires further studies to evaluate its cost-effectiveness before its translation into the clinics.
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Though significant strides in tumorigenic comprehension and therapy modality have been witnessed over the past decades, glioma remains one of the most common and malignant brain tumors characterized by recurrence, dismal prognosis, and therapy resistance. Immunotherapy advance holds promise in glioma recently. However, the efficacy of immunotherapy varies among individuals with glioma, which drives researchers to consider the modest levels of immunity in the central nervous system, as well as the immunosuppressive tumor immune microenvironment (TIME). Considering the highly conserved property for sustaining energy homeostasis in mammalian cells and repeatedly reported links in malignancy and drug resistance, autophagy is determined as a cutting angle to elucidate the relations between glioma and the TIME. In this review, heterogeneity of TIME in glioma is outlined along with the reciprocal impacts between them. In addition, controversies on whether autophagy behaves cytoprotectively or cytotoxically in cancers are covered. How autophagy collapses from its homeostasis and aids glioma malignancy, which may depend on the cell type and the cellular context such as reactive oxygen species (ROS) and adenosine triphosphate (ATP) level, are briefly discussed. The consecutive application of autophagy inducers and inhibitors may improve the drug resistance in glioma after overtreatments. It also highlights that autophagy plays a pivotal part in modulating glioma and the TIME, respectively, and the intricate interactions among them. Specifically, autophagy is manipulated by either glioma or tumor-associated macrophages to conform one side to the other through exosomal microRNAs and thereby adjust the interactions. Given that some of the crosstalk between glioma and the TIME highly depend on the autophagy process or autophagic components, there are interconnections influenced by the status and well-being of cells presumably associated with autophagic flux. By updating the most recent knowledge concerning glioma and the TIME from an autophagic perspective enhances comprehension and inspires more applicable and effective strategies targeting TIME while harnessing autophagy collaboratively against cancer.
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Introduction

Gliomas originate from supportive glial cells in people with dichotomy prognosis and limited treatment responses (1). Generally, its prognosis depends on the pathologic grade and genetic mutation profile, whose level of concern is checked through isocitrate dehydrogenase (IDH) and 1p/19q status (2). Lower-grade glioma (LGG, WHO II-III grade) with prognostically favorable mutations yields the most benefits from multimodality approaches like early surgical resection, radiotherapies, chemotherapies, and other anti-tumor comprehensive therapies, while it remains a challenge to extend survival for other malignant types (3). The median survival time of patients with glioblastoma multiforme (GBM, WHO IV grade) is merely 14 months and the H3 Lys27Met-mutant glioma holds the worst prognosis: a 2-year survival rate less than 10%, among all diffuse gliomas (4). Recent advances have been made in exploring potential therapies by targeting the tumor immune microenvironment (TIME) in glioma.

As immunotherapies prevail in cancers, the limited responses in glioma to treatment lead to a reexamination of the core of immunotherapy: the infiltrating immunocytes and their local microenvironment. Immune infiltration in glioma through the disrupted blood-brain barrier (BBB) deprives the central nervous system (CNS) of “immune privilege” - restrictive entry of circulatory immune cells (5, 6). It is reported to be pertinent to glioma oncogenesis, progression, and therapy resistance (7, 8). The infiltrative immune cells, including tumor-associated macrophages/microglia (TAM), myeloid-derived suppressor cells (MDSCs), dendritic cells (DCs), neutrophils, and tumor-infiltrating lymphocytes, are meant to maintain intercellular homeostasis by eliminating abnormalities though the initial targets which ultimately somehow compromise (5, 9). Together with a few exhausted T cells, nonfunctional natural killer cells (NK cells), inflammatory mast cells, cancer-associated fibroblasts, diffusely distributed astrocytes, immunosuppressive cytokines, insufficient nutrient supply, and hypoxia, the glioma immune microenvironment is roughly characterized (10).

The immune microenvironment plays a dual role in glioma. Both innate and adaptive immune responses exert influence to retain control of glioma, whilst glioma inversely manipulates immune cells to attain immune suppression and evasion (11). It warrants more studies unraveling the potential mechanisms that glioma utilizes to shift functional immune cells towards being tumorigenic. Thus, it becomes possible to restore immune efficacy and revive the success of immunotherapies. Specifically, one way that could be employed not only by glioma but also by immune cells to adapt to both intrinsic and extrinsic alterations is autophagy.

Autophagy ensures cellular homeostasis and recycles cytoplasmic entities for energy supply when under stress (1). It typically includes three primary subtypes: macroautophagy, microautophagy, and chaperone-mediated autophagy (CMA). Despite the three morphologically unique forms, they all end up in the degradation of targets within lysosomes consonantly (12). In brief, macroautophagy, widely known as autophagy, uses autophagy adaptor proteins like p62/SQSTM1 to label cytoplasmic cargo for a double-membrane vesicle called autophagosome and lysosome degradation (13). In contrast, microautophagy directly encapsulates cellular cargos with endosomal membranes or invagination of lysosomal. CMA is characterized by the chaperone-binding cargos with Lys-Phe-Glu-Arg-Gln (KFERQ) -like pentapeptide motif entering lysosomes via lysosomal-associated membrane protein 2a (LAMP2a) (14). The detailed autophagy phases and machinery for each subtype are beyond the scope of this review and have already been extensively reviewed (15).

A myriad of evidence show that autophagy is exploited by glioma to resist therapies and by immune cells to dampen anti-tumor responses (16, 17). A study manifests that it is autophagy that is blocked by chloroquine (CQ), thereby enhancing cytotoxicity of temozolomide (TMZ) to glioma cells (18). Additionally, by analogy to the mammalian target of rapamycin (mTOR) inhibitor rapamycin, indoleamine 2,3-dioxygenase (IDO) -mediated tryptophan depletion educates T cells towards immune tolerance through triggering autophagy (19). Concerning the complex nature, it might be more informative and illuminating to integrate into a summary with the updated works of literature relative to autophagy in the glioma immune microenvironment.

In this review, the heterogeneity of tumor immune microenvironment in glioma is discussed, along with the reciprocal impacts on both sides. It also unveils the way that autophagy aids malignancy by switching itself between a cytoprotective role and a cytotoxic one within glioma. The fact that autophagy plays a pivotal part in modulating glioma cells and the members in the TIME, and thereby influencing the subtle interactions among the components of the microenvironment, are specifically highlighted. Overall, this review aims to pave the way for a resounding success of immunotherapies adjuvant with autophagy modulators for glioma in the near future.



The Interactive Tumor Immune Microenvironment in Glioma

Despite a paucity of immune cells and limited lymphatic drainage, immunosurveillance within a healthy brain with brain-specific microglia is capable of stimulating a modest and highly regulated immune response (20). Circulating immune cells should have infiltrated in the CNS across the impaired BBB in the presence of glioma (21). Still, glioma displays a “cold tumor” phenotype with a low number of immunogenic effector immune cells compared with other tumors, which might be related to the limited efficacy of immunotherapies (22). Given the paradox of immune responses before and after glioma development, the intricate regulations of the immune microenvironment involved with both cellular and molecular mechanisms deserve more attention and discussion (Figure 1).




Figure 1 | The interconnections between glioma and its immune microenvironment. Both innate and adaptive immune systems contribute to the suppressive immune microenvironment in glioma. The intricate interconnections among the members of the glioma immune microenvironment work synergistically to facilitate tumor progression without disturbance, especially from anti-tumor immunity.




Tumor-Associated Macrophage/Microglia

TAMs dominate the infiltrative immune cells, which comprise up to 30% ~ 50% of glioma constituents (23, 24). It is initially conceived that TAMs shoulder tumor clearance through pro-inflammatory cytokine release and phagocytosis, which is validated by a recent study that uses activated TAMs for tumor containment (25). However, TAMs are one of the numerous culprits to be blamed in the immunosuppressive TIME glioma, whose reasons may lie in its components (26). The bone-marrow-derived macrophages (BMDMs) appear to be defined as CD11b+- CD45+ CD49d+ macrophage population and recruited from peripheral circulating monocytes by glioma, whereas the tissue-resident CD11b+ CD45- CD49d- microglia (MG) are derived from erythro-myeloid progenitors (EMPs) in embryonic yolk sac without postnatal replenishment from peripheral mononuclear hematopoiesis (5, 8, 27). Of distinct ontogenies, infiltrating TAMs may lead to varying outcomes in patients (28). The gene signature of BMDM, rather than MG, is observed to be negatively associated with survival in LGG (29). To better comprehend the complex mechanisms, further studies are conducted concerning the interplay between TAMs and glioma.

Glioma attracts TAMs, especially BMDMs, by secreting chemoattractants, including C-C motif chemokine ligand 2 (CCL2), C-C motif chemokine ligand 3 (CCL3), C-X-C motif chemokine ligand 12 (CXCL12), C-X3-C motif chemokine ligand 1(CX3CL1), colony-stimulating factor 1 (CSF-1), and granulocyte-macrophage colony-stimulating factor (GM-CSF) (30–33). Typically, CCL2 and CX3CL1 are regarded as the two of the most important chemokines in directing BMDMs and MG migration, respectively. A study reports that low-grade glioma stem-like cells (GSCs) harboring BRAF kinase gene mutations (KIAA1549:BRAF fusion) express Ccl2 for circulating monocytes recruitment (34). In parallel, MG highly expressing Cx3cr1 are led towards glioma by Cx3cl1, which is secreted by glioma cells with NF1 mutation (35). Moreover, intercellular adhesion molecule 1 (ICAM1) silencing in the IDH1 wild-type glioma cells is demonstrated to increase macrophage infiltration and potentially enhance anti-tumor functions like phagocytosis. There are alternative ways for TAMs to be recruited, of which the composition could be chemokine-dependent (8). For example, lysyl oxidase (LOX) expression is activated by yes1 associated transcriptional regulator (YAP1) in a PTEN-deficient GBM model to recruit macrophages, which in turn supports the GBM with Secreted Phosphoprotein 1 (SPP1) (36).

Heavily dependent on the specific environmental signals, such as interferon-γ (IFN-γ), tumor necrosis factor (TNF), and IL-4, macrophages usually polarize but are not confined to binary phenotypes, antitumor M1 and protumor M2 subtypes (37). CD68+ and CD163+ M2 polarized cells are more prevalent in the TIME, which is in line with their immunosuppressive properties (38). However, there are difficulties in applying the predefined dual classification to TAMs. The expression profiles of TAMs in the GL261 glioma model and RCAS transgenic system, known as murine glioma models, resemble other specialized macrophage subgroups rather than matching with either the M1 or the M2 polarity (39). Consistently, TAMs isolated from the patients’ biopsies co-express M1 and M2 genes frequently (29, 40). It may give rise to a novel classification suitable for TAMs, but the current paradigm distinguishing M1/M2 lays a solid basis for future refinement, which is CD40, CD74, CD80, CD86, MHC-II, and phosphorylated Signal Transducer and Activator Of Transcription 1 (STAT1) for the M1-like, while it is CD163, CD204, CD206, arginase-1(ARG-1), and phosphorylated STAT3 and STAT6 for the M2-like (30, 41).

Not only do the genetic alterations in TAMs result in new lineages, but they also involve glioma progression and lead to immunosuppression in the glioma microenvironment. The finding that the mouse GL261 glioma cells inoculated in Tlr2 knockout mice grow a smaller tumor leading to longer survival of the host compared to the control indicates that the TAMs promote glioma progression via TLR2 signaling (42). TLR2 upregulates membrane type 1 matrix metalloprotease (MT1-MMP) and metallopeptidase 14 (MMP14) in MG to activate glioma-sourced MMP2 when responding to TLR2 endogenous ligands and thereby facilitate glioma invasion (43). TLR2 also increases matrix metalloproteinase 9 (MMP9) production, resulting in extracellular matrix (ECM) degradation (44). Of note, platelet-derived growth factor receptor (PDGFR) in glioma cells is induced by MG exclusively, which also promotes glioma progression (45). As for immunosuppression, TAMs produce CCL2 for recruiting CCR2+ MDSCs and CCR4+ Tregs (46).

Apart from the genetic influences, the distinct distribution of TAM components in glioma could be listed as a major factor contributing to immunosuppression as well. Recent single-cell RNA sequencing analyses reiterates that the BMDMs are more responsible for immunosuppression and unfavorable outcomes in glioma in contrast to the MG that mostly resides in the tumor periphery (29, 47–49). It also indicates that IDH mutation may correlate with TAM infiltration when the critical shift in the proportion of MG to BMDM between IDH mutation and IDH wild type is observed (49). Consistent with previous findings, it is ascribed to the BMDMs in the glioma center rather than the brain-resident MG occupying the peritumor area in terms of inhibited immunity in glioma (50). It leaves MG a dearth of credits since most effects are pinned on migratory macrophages. Indeed, the resident MG is capable of phagocytosis when meeting with glioma cells in response to myeloid checkpoint CD47- Signal regulatory proteinα (SIRPα) blockade in vivo. The MG even shows a dampened inflammatory response, making specific reeducation of the MG a promising strategy in glioma management (51). These reports indicate that specific and distinct roles of the TAM compartments are emerging with more in-depth investigations ongoing at single-cell resolution.

Moreover, studies reveal the crucial role of TAMs in glioma tumorigenesis, stemness, angiogenesis, invasion, and migration (52–55). Interleukin 1β (IL-1β) released by TAMs reprograms cellular metabolism by boosting glycolysis of glioma through the IL-1β-protein kinase-delta (PKCδ)-glycolytic enzyme glycerol-3-phosphate dehydrogenase (GPD2) axis, which promotes tumor proliferation and tumorigenesis (56). Specifically, it is C-C motif chemokine ligand 8 (CCL8) highly expressed by TAMs that promotes stem-like traits of GBM cells via the activation of ERK1/2 (54). Glioma angiogenesis is induced via vascular endothelial growth factor (VEGF) secretion (57). The fact that C-C motif chemokine ligand 5 (CCL5) modulates invasive and migratory behaviors of glioma through the phosphorylation of calmodulin-dependent protein kinase II (CaMKII) renders CCL5 and CaMKII interesting targets to halt glioma progression (55). More related reports are needed for an improved understanding of how TAMs interact with glioma and modulate the TIME so that therapies targeting TAMs would be boosted.



Myeloid-Derived Suppressive Cells

As a critical part of the suppressive network, myeloid-derived suppressive cells usually accumulate under pathologic conditions (58). The enrichment of MDSCs predicts glioma malignancy, poor prognosis, and low responses to treatments (59). Interestingly, the Bruyère group finds that the inhibition of chemokine C-X-C motif chemokine ligand 2 (CXCL2) expression in Hs683 glioma cells results in impaired cell proliferation (60). There is a related report showing that it is the CXCL2-CXCR2 axis that mediates MDSCs recruitment in the tumor (61). Targeting CCR2 with CCX872 not only reduces infiltrated MDSCs but also augments immunotherapy efficacy (62). Still, more mechanism studies uncovering how MDSCs are recruited to glioma are encouraged.

MDSCs mainly consist of CD14+ CD15- monocytic MDSCs (M-MDSCs) and CD14- CD15+ granulocytic or polymorphonuclear MDSCs (PMN-MDSCs). Some evidence shows that PMN-MDSCs predominates the blood and M-MDSCs mainly distribute throughout glioma tissue, while others supported the opposite, which may require more studies to corroborate (63–65). The two subsets of MDSCs could be differentiated from each other based on genomic entities, biochemical markers, and biological functions, especially the capacity to inhibit immune responses. Interestingly, hypoxia-stimulated glioma-derived exosomes containing microRNAs are reportedly associated with MDSC proliferation, differentiation, and activation (66, 67).

MDSCs suppress immunological reactivities in a variety of ways. They cripple TAMs and DCs for antigen presentation impairment, inhibit anti-tumor responses by NK cells and cytotoxic T cells, and induce inhibitory regulatory T cells (Tregs) (68–71). MDSCs modulate TAMs, the most common immune cells in glioma, to attain the suppressive goal. Through crosstalk with MDSCs releasing IL-10, macrophages are skewed towards the M2 phenotype producing less IL-12 and more IL-10 (72). Similarly, it claims that MDSCs also disturb DC-mediated T cell stimulation by IL-10 (73). MDSCs additionally inhibited NK cells with ROS, TGF-β1, and NKp30 (74–76). The main strategy that MDSCs employed to interfere with T cells is through signal transducer and activator of transcription 3 (STAT3)-induced ROS and reactive nitrogen species (RNS) as oxidative stress, which leads to an increased level of arginase 1 (ARG1) and inducible nitric oxide synthase (iNOS) and thereafter L-arginine depletion, cell cycle arrest, and even apoptosis (70, 77, 78). The oxidative stress additionally renders T cells anergic and suppressive by reducing CD3 ζ chain expression and inducing nitrosylation of the IL-2 pathway (78). It also inhibited T cell migration when CCL2 is under nitration (70).

Beyond modulation of immune cells, some molecules, like nitric oxide (NO), prostaglandin E2 (PGE2), and programmed cell death 1 ligand 1 (PD-L1), are also associated with MDSC-mediated immunosuppression (79–82). The suppressive function of regulatory B cells (Bregs) is augmented by PD-L1 derived from MDSCs and thereby impeding CD8+ T cell activation (82). Moreover, tumor-associated macrophages (TAM) can be renewed by M-MDSCs or monocytes differentiation, which is facilitated by HIF-1α along with CD45 tyrosine phosphate and STAT3 regulation in hypoxia (83–85).



Neutrophils

As the first-line sentinel of host defense for tissue homeostasis, neutrophils rapidly migrate to the tumor site in response to many signals like IL-8 and IL-1β (86). Glioma-derived IL-8 recruits neutrophils to infiltrate, while the recruited ones produce a magnitude of neutrophil extracellular traps (NETs) stimulating the NF-κB signaling pathway in GBM cells and promote IL-8 secretion via HMGB1 binding to the receptor for advanced glycation end products (RAGE) (87). Glioma progression accompanying neutrophil recruitment is also mediated by the long non-coding RNA LINC01116-triggered IL-1β upregulation (88). It is observed that both circulating and infiltrative neutrophils increase with glioma pathological grade, which predicts poor prognosis for patients (78). Besides, a recent study proposes that ferroptosis could be the nature of “necrosis” typically identified in GBM, which is mediated by the infiltrating neutrophils and the myeloperoxidase-containing granules (89). In contrast to their proinflammatory role, activated neutrophils (or granulocytic MDSCs) characterized by high plasma levels of IL12p70 promote glioma malignancy (90). Elastases secreted by infiltrative neutrophils nearby also accelerate the infiltration in glioma (91).

When treating glioblastoma with anti-VEGF therapy, increased neutrophil infiltration advances glioma mesenchymal transition and promotes proliferation of GSCs through upregulation of S100A4 (92). Targeting S100A4 can also sensitize glioma cells to bevacizumab treatment. The protumor role of neutrophils is further strengthened since depleting glioma-associated neutrophils with a monoclonal antibody against Ly6G+ neutrophils prolongs survival in a preclinical GBM murine model (93). Neutrophils are also involved in the resistance to PD-1 inhibitors, which is revealed by the improved therapeutic efficacy of combinational treatment with antineutrophil and PD-1 inhibitors (94). However, more in-depth studies concerning the molecular mechanism mediated by neutrophils would provide better comprehension for the development of glioma therapy resistance.

Yet the detailed mechanism for neutrophil recruitment to glioma remains largely elusive. How the interaction between neutrophils and glioma in the local immune microenvironment works still needs to be intensively investigated. Since tumor-associated neutrophils generally exhibit functional plasticity and polarization, represented by anti-tumor N1-like and pro-tumor N2-like states, it would inspire more treatment strategies if the stimuli for neutrophil reprogramming and differentiation were uncovered.



Dendritic Cells

Due to the overestimation of MG as major antigen-presenting cells in CNS, DCs have not been gaining sufficient attention until recently (95, 96). DCs serve as indispensable sentinels of adaptive immune responses through internalizing surrounding antigens for presentation (97, 98). DCs are well-known for their activation of NK cells, T cells, and Tregs. One majority subtype of DCs is mostly CD11c+ myeloid conventional dendritic cells (cDCs), another group is CD11c- plasmacytoid dendritic cells (pDCs) (99, 100). Relative to cDCs aiding CD4+ Th1 differentiation and CD8+ T cell activation, pDCs are more of interest because of their secretion of IFN-α, which directly stimulates antitumor immunity (100, 101).

Nonetheless, there are some studies casting doubts on immunogenicity generated by pDCs. The compromised elaboration of IFN-α, impaired antigen presentation, and increased Treg infiltration are witnessed in a murine glioma model (96). As restoration, the survival of the tumor-bearing mice extends and infiltrative Treg cells diminish when pDCs are selectively excluded. A similar report also argues that pDCs are at play in promoting tumor progression and immunosuppression under the influence of granulocyte-macrophage colony-stimulating factor (GM-CSF) (102). DCs are induced to produce IL-10 and thereby inhibit T cell via its poliovirus receptor (PVR) -immunoreceptor tyrosine-based inhibitory motif (ITIM) interaction with T cells (103). Further, immature DCs characterized by low expression of CD80 and CD86 contribute to tolerance in T cells (104).



Mast Cells

The presence of mast cell (MC) in mouse and human glioma mirrors the entanglement of inflammation and cancer (105). It is demonstrated that the endogenous stem cell factor (SCF) largely contributes not only to the expansion of the glioma-associated MCs but also to the localization of the MCs in the vicinity of the tumor blood vessel and glioma cells along with the CXCL12/CXCR4 axis (105). Glioma-derived macrophage migration inhibitory factor (MIF) also recruits MCs to glioma through signal transducer and activator of transcription 5 (STAT5) signaling in a malignancy-dependent manner (106). Interactively, recruited MCs release a variety of mediators to inhibit glioma progression and induce tumor differentiation by downregulating GSK3β expression (107).



T Cells and Regulatory T Cells

Standing in as infiltrative T cells are CD4+ helper T cells (Th), CD8+ cytotoxic T cells, and CD4+/CD25+/FoxP3+ Tregs which lead an exhausting life in the suppressive microenvironment of glioma (9). Although constantly releasing quantities of proinflammatory IFN-γ for T cell recruitment, CD4+ T cells upregulate the expression of inhibitory co-receptors like programmed cell death protein 1 (PD-1), cytotoxic T lymphocyte-associated antigen (CTLA), lymphocyte-activation-gene-3 (LAG-3), and T cell immunoglobulin domain and mucin domain-3 (TIM-3) (108). CD8+ T cells remained largely inactive, being in line with their counterparts. The inactivation of T cells may also come from IL-10 and TGF-β released by glioma cells (9). In addition, attracted by mediators such as CCL2 and IDO, Tregs contribute greatly to immunosuppression (108, 109).

Increased T cell infiltration is related to favorable outcomes in glioblastoma patients (110). However, only limited immune response mediated by T cells is permitted in CNS, especially in the glioma microenvironment. The maturation of T cells is inhibited by tumor-derived Fas ligand (111). The activation of T cells is also inhibited by the IDO and TGF-β released from MG. Lack of co-stimulatory CD40, CD80, and CD86 expression on TAMs and glioma cell surface disengage T cell binding (112). T cell-mediated immunity in glioma is further drained through apoptosis induced by PD-1 and CTLA (9). An additional observation shows that GCN2 kinase results in T cell anergy and lack of proliferation in response to tryptophan depletion by IDO (113). Another GCN2-focused report highlights the importance of GCN2 as an amino acid sensor preventing CD8+ T cell apoptosis under amino acid stress in a murine glioma model (114).

Like two sides of the same coin, regulatory T cells ordinarily orchestrate balance and keep hyperactive immunity, including overactivated T cells, in control. In contrast to the T cells, infiltrative Tregs increase with glioma grade, predicts poor survival, and relates to recurrence (115, 116). It recruits Treg cells towards glioma using attractants such as CCL2 and IDO (46). The IDO expression not only involves Treg recruitment and immunosuppression thereafter but also plays a critical role in the Treg cell expansion by interacting with mTOR (117). Although it seems obvious and solid to conclude the interplay between the Treg and glioma, it is of great importance to dig deeper into the encouraging topic.

Furthermore, largely dependent on Tregs for either pro- or anti-tumor polarization are T helper 17 (Th17) cells (118). Tregs may induce Th17 polarization towards IL-10 producing cells rather than IFN-γ secretion in the context of TGF-β in vitro (118). Another Th17 study consistently reports that the TGF-β1 stimulated Th17 cells may lead to the permissive TIME in glioma by releasing IL-10 (119). The confirmation of Th17 cell infiltration in the glioma tissues gives rise to the investigation of the role of IL-17, one of the major mediators and hallmarks of the Th17 cells, which promotes glioma proliferation and migration through the activation of PI3K/Akt1/NF-κB-p65 axis (120).



Natural Killer Cells

NK cells detect and precisely execute cancer cells. They act under the balance between activating and inhibitory signals once approaching the susceptible (75). Given the minor proportion of infiltrative CD45+ cells, NK cell activity is blunted close to non-functional. Glioma cells utilize MHC-I molecules binding with the inhibitory killer cell immunoglobulin-like receptor (KIR) to evade termination (121). As previously mentioned, NK cells are also inhibited by MDSCs via NKp30/NRC3 or NKG2D, and ensuing reduced IFN-γ production (75).



Cancer-Associated Fibroblasts

Given the fact that fibroblasts are associated with the progression and metastasis of many malignancies, it is reasonable to postulate that the cancer-associated fibroblasts (CAF) in the tumor niche of glioma may contribute to the proliferation or invasion of glioma (122–124). However, pieces of evidence related to fibroblast entities and existence in the brain remain scarce. A study claims that tumor-associated mesenchymal stem-like cells (tMSLCs), presumably as reminiscent of fibroblasts in other tumors, correlate with the poor prognosis of the GBM and enhance the invasiveness of GBM by force-mediated ECM remodeling through CCL2/JAK1/MLC2 signaling (125). And this pro-invasive effect brought by CAFs in glioma could also be mediated by the secretion of CXCL14 (126). Furthermore, it reveals that long non-coding RNA (lncRNA) HOXA transcript antisense RNA, myeloid-specific 1 (HOTAIRM1), is upregulated in the malignantly transformed fibroblasts derived from an orthotopic model and regulates TGF-β via miR-133b-3p to promote malignancy (127).



Cytokines, Chemokines, and Extracellular Molecules

Elevated levels of inhibitory cytokines, such as IL-10 and TGF-β, overthrow the balance with proinflammatory molecules contributing to the immunosuppressive microenvironment around glioma. It is interesting that IDO produced by glioma cells or pDC activates Treg cells and impedes T cell activity through tryptophan depletion (109). Besides, kynurenine, a metabolite of tryptophan, induces T cell apoptosis and polarizes Tregs by upregulating Foxp3 expression (128, 129). However, preclinical trials targeting IDO hold less promise than is expected (130).

Moreover, interference with LGALS1 expression, which encoded Galectin-1 in the immune system, reduces MDSCs infiltration and immunosuppressive cytokine secretion (131). LAG3 binds to Galectin-3 (Gal-3) and MHC-II for CD8+ T cell inhibition and inhibitory signal transmission, respectively (132, 133). It is reported that LAG-3 overexpression depletes CD8+ T cells (134). By binding to Galectin-9 (Gal-9), TIM-3 regulates T cell depletion and contributes to immunosuppression and even immune evasion. Limited arginine resulted from high levels of infiltrative myeloid cells-derived arginase also restrains immunocytes’ survival.




Autophagy Modifies the Interplay Between Glioma and the Tumor Immune Microenvironment

Autophagy becomes an interesting element in glioma due to paradoxical roles in glioma oncogenesis, progression, metastasis, and therapy resistance. Whether autophagy favors or hinders tumors may highly depend on stimuli, cell type, and specific stage of tumor cells. As a physiological part working at a base level, autophagy degrades misfolded proteins and recycles organelles to reduce unsolicited ROS production, protein aggregates, and further damages DNA especially under stress (135). Ironically, it may apply the used tricks for normal survival to nurture tumor growth once the cells trend towards malignancy (136, 137). Herein, autophagy in glioma cells per se suits the case, as well as each component of its surrounding immune microenvironment, and thereby tweaking the interplay between glioma and the TIME (Figure 2).




Figure 2 | Autophagy involvement in the regulation of the glioma immune microenvironment. As one of the evolutionarily conserved processes, autophagy keeps cellular homeostasis not only for immunocytes but also for tumor cells. It may be manipulated by conflicting sides in favor of their profits. However, it seems that autophagy somehow is not capable of either ensuring the physiological function of immune cells or restraining glioma growth in the glioma immune microenvironment. The interconnections between the cells in the TIME are colored if autophagy is involved, where red indicates protumor effects and blue indicates antitumor effects.




Autophagy in Glioma Cells

As one hypothesizes an “inhibition-loss-promotion” model in an attempt to unify the conflicting roles of autophagy in cancer development, the model may apply to glioma with some revisions (12). Proficient autophagy may counteract the accumulated genetic defects when glioma cells are undergoing malignant transformation. Autophagy exhibits suppression on oncogenesis by degrading p62, so that mitochondrial damages, ROS-mediated oxidized molecules, and unstable genome mutations are averted (138, 139). Given that autophagy degrades carbohydrates, proteins, and lipids into sugars, amino acids, and fatty acids, respectively, to fuel cellular metabolism maintaining homeostasis, it still displays bipolar effects in glioma initiation after transitory “loss” or compromises at a very early phase of malignant transformation from healthy cells (140). Once glioma is established, autophagy responds more variably to cellular and environmental stimuli than expected with glioma growing and progressing.

In a KRAS-driven GBM mouse model, autophagy inhibited by downregulating Ulk1, Atg7, and Atg13 disrupts tumor growth and development. The capacity of KRAS-expressing glial cells for colony formation and survival in low-serum conditions is inhibited when autophagy is inhibited (141). It indicates that autophagy is vital to facilitate oncogenic transformation. The malignant, heterogeneous, and recurrent properties of GBM may source from GSCs, whose pluripotency and proliferation highly implicate autophagy (142–145). For instance, autophagy is manifested to degrade Notch1 and thereby modulate GSC tumorigenicity (146). The GSC tumorigenicity is also restrained by the overexpression of microRNA-93 (miR-93) targeting autophagic regulators, including Beclin-1, ATG5, ATG4B, and p62 (147).

Furthermore, GSCs activate autophagy through Bcl-2 nineteen-kilodalton interacting protein 3 (BNIP3) to habituate themselves to hypoxia (148, 149). More than adapting to hypoxia, BNIP-3-mediated autophagy facilitates GBMs thriving and contributes to resistance to chemotherapies via the MT1-MMP-JAK-STAT axis (150). As confirmation of autophagy modifying GSC survival, autophagy inhibitor quinacrine sensitizes GSCs to TMZ by triggering ferroptosis (146). However, autophagy induction via mTOR inhibition in GSCs promotes differentiation and disrupted autophagy increases stemness, which suggests that manipulation of autophagy influences GSCs formation and further GBM malignancy (151–153).

Emerging evidence shows that autophagy is implicated in glioma progression. Autophagy-related protein LC3 and p62 expression levels are negatively associated with glioma prognosis, especially with high-grade glioma prognosis, suggesting potential links between autophagy and glioma progression (154). Knockdown of autophagy-related 4C cysteine peptidase (ATG4C) repressed glioma progression by arresting tumor cells at the G1 phase and promoting apoptosis (155). Overexpression of maternal expression gene 3 (Meg3) encoding a critical non-coding RNA promotes epithelial to mesenchymal transition, migration, invasion, and autophagy in glioma. The employment of autophagy inhibitor CQ partially hampers glioma progression, suggesting autophagy involvement (156). Silencing of lysosome enzyme alpha-l-fucosidase 1 (FUCA1) impedes U87 and U251 glioma cell proliferation, whereas the growth inhibition appears less significant when the cells are co-incubating with 3-MA (157). It implies that downregulation of FUCA1 may lead to autophagy-associated cell death, considering increased LC3-II/LC3-I ratio, Beclin-1, and ATG-12 expression level. Interestingly, antidepressant imipramine augmented with P2Y12 inhibitor ticlopidine elicits autophagy-associated cell death, which limits glioma cell growth in vitro, hinders tumor progression in vivo, and prolongs survival of glioma-bearing mice (158). Together, autophagy closely involves glioma progression, while its reputation mostly lies in therapy resistance.

The point that autophagy mainly contributes to glioma resistance to therapies prevails and is corroborated by a majority of studies. TMZ stands as a clinical routine for GBM treatment because of its high efficacy, BBB permeation, and tolerable adverse effects (16, 159). As suggested, cytoprotective autophagy saves cells from stresses, including drug, radiation, and hypoxia cytotoxicity from death (160–162). In the case of drug resistance, for instance, GSC−derived PD−L1−containing exosomes activate AMPK/ULK1-mediated autophagy to increase TMZ−resistance in GBM (163). And ATG4C depletion impairs TMZ-resistance and improves the susceptibility of glioma to TMZ (155). Similarly, autophagy is transiently induced by acute TMZ treatment via transitory activation of the AMPK-ULK1 axis, while CQ blocks the autophagy and enhances the efficacy of TMZ in glioma cells (18, 164). CQ and its analogs have therefore been an alternative adjuvant to potentiate the TMZ treatment. Moreover, T-LAK cell-originated protein kinase (TOPK) inhibits autophagy by phosphorylating ULK1 in glioma cells and promotes glioma resistance to TMZ (165). TMZ-stimulated autophagy is also inhibited by the lncRNA DLEU1 knockdown, which increases glioma susceptibility to the drug cytotoxicity at the same time (166). In addition, lncRNA CASC2 sponges miR-193a-5p to reduce autophagy and potentiate TMZ efficacy via mTOR upregulation (167). LncRNA AC023115.3 induced by chemotherapy, in turn, improves chemosensitivity of glioma to cisplatin by competing with miR-26a, thereby releasing GSK3β to inhibit autophagy (168).

The role of autophagy in glioma radiation therapy is currently controversial. Autophagy is triggered to shelter glioma cells from death due to the toxicity of free radicals, misfolded proteins, and damaged organelles mediated by radiotherapy (169–171). It is demonstrated that radiation augments autophagic flux by upregulating mammalian sterile-20-like kinase 4 (MST4), which phosphorylates and motivates ATG4B in GBM, whereas inhibition of autophagy via ATG4B blockade improves sensitivity to radiation (170). Targeting Beclin-1-mediated autophagy with miR-17-5p expression also improves the radiosensitivity of glioma (172). However, radiation-induced autophagy may also promote apoptosis in glioma (173). There could be an explanation for the conflicting results that glioma cells respond variably to radiation simply out of distinct individual sensitivity, but the intensity and duration of radiation should also be considered (174).

A large body of literature regarding autophagy-mediated therapy resistance predisposes autophagy to be cytoprotective, but the fact that overactivated or insufficient autophagy under drug perturbation drives glioma cells to death should not be neglected. It is demonstrated that autophagy-associated cell death after TMZ or ionizing radiation treatment is relieved by downregulation of Beclin-1 or ATG7 with siRNA (175). In light of the extent of triggering autophagy-associated death, coordinated autophagy modulation with autophagy inducers followed by inhibitors and TMZ treatment may overcome chemotherapeutic resistance in GBM. It is noticeable that mitochondrial respiration and oxidative phosphorylation is greatly interfered with by the disrupted autophagic system under autophagy modulation (176). Though more clinical translation is in need, tweaks in the autophagic system using autophagy inducers and consecutive inhibitors would doubtlessly galvanize autophagic intervention for chemoresistance.

How autophagy shuttles between cytoprotective and cytotoxic roles in glioma, especially in terms of therapeutic resistance, probably depends on doses and duration of treatment to decide a compatible pathway (16). It indicates that autophagy may act as a survival strategy under relatively mild therapies, such as low dose and short term, but consistent treatment with maximum dosage could induce autophagy-associated cell death (164). Of all the possible mediators for protective autophagy initiation, surging adenosine triphosphate (ATP) is observed to have a key role in promoting autophagy for drug toxicity adaption, especially in glioma cells on TMZ administration (177). Disruption of energy balance with drug targeting mitochondria activity is demonstrated to induce AMPK phosphorylation and inactivate mTORC1 and thereby suppress aggressive properties of glioma cells (178). Since TMZ in co-treatment with autophagy inhibitor CQ induces ROS production and augments cytotoxicity, it is also reasonable to hypothesize that ROS level may drive the shift of autophagy from cytoprotection to cytotoxicity with the additional consideration that hydrogen peroxide accumulation leads to apoptosis or necrosis (179, 180).

Although the hypothetical theory seems to coordinate autophagy’s conflicting roles in therapy resistance, autophagy in glioma development remains misunderstood. How to determine any mediators or specific markers for autophagy altering from the beneficial to the lethal is yet to be answered in glioma progression. It may display context-dependency, such as the ROS and ATP level in the intra- or intercellular microenvironment (181). Or, it is reasonable to speculate that mild stimuli give rise to cytoprotective autophagy, whereas harsher conditions lead to autophagy-associated death.



Autophagy in TAMs

It remains controversial to assess the contribution of autophagy in the components of the glioma-related immune microenvironment. Based on the currently incomplete understanding, autophagy mainly involves TAM generation, function, and polarization (182, 183). Autophagy induced by c-Jun N-terminal Kinase (JNK) activation and disruption of ATG5 cleavage promotes monocytes differentiation into macrophages, produces cytokines, and prevents monocyte apoptosis (184). For phagocytosis of debris, macrophages degrade phagocytosed cells via LC3-associated phagocytosis, of which blockade would improve anti-tumor immunity (185). Interestingly, disrupting the CD47-SIRPα axis (“don’t eat me” signal) with specific fusion protein binding augments phagocytosis of macrophages, triggers cytoprotective autophagic flux in glioma cells, and further improves not only macrophage but also CD8+ T cell infiltration if combined with autophagy inhibitors (186, 187).

Impairment of the autophagy-mediated phagocytosis in MG also stimulates inflammation (188). A study shows that Beclin-1-mediated autophagy may regulate neuroinflammation via NRLP3 degradation in murine MG (189). On top of that, rapid loss of IKKβ protein and TNF-α is mediated by CMA in microglia, indicating the critical role of CMA in controlling inflammation (190). These discussed studies suggest that impaired autophagy in TAMs may enhance inflammation, but it should be reconsidered for the simultaneous inhibition of phagocytosis.

In an immunosuppressive microenvironment, TAMs incline to polarize toward the M2 phenotype facilitating tumor progression and metastasis. Interestingly, autophagy contributes greatly to the M2 polarization, namely via the STAT3 pathway (191–193). Several studies modify the TAM state into a specific activation state by targeting autophagy (194–196). Monocytes respond to colony-stimulating factor-1 (CSF-1) through AMPK-mediated autophagy activation and differentiate into M2 macrophages (188, 197). Nonetheless, there are always exceptions to predisposing TAM to the M2 phenotype, which presumably depends on tumor types and local milieu. For instance, it is reported that inhibition of mTOR, a key switch of the autophagy pathway, skews TAM polarization to the M1 phenotype, resulting in increased IL-12, decreased IL-10, and reduced tumor angiogenesis (195). Collectively, it may hold promise in targeting autophagy to modulate TAM polarization and function, but more investigations are required.



Autophagy in MDSCs and Neutrophils

MDSCs contribute greatly to the suppressive environment around glioma and contrive autophagy to maintain themselves under inhospitable conditions. It is understood that autophagy promotes MDSC viability. Either neutralization of high mobility group box protein-1 (HMGB1), a damage-associated molecular pattern, induces autophagy, or inhibiting autophagy directly increases apoptosis in MDSCs. Furthermore, interference with autophagy in MDSCs hampers tumor growth by endorsing antitumor responses. MDSCs enhance MHC II expression due to compromised autophagy and reduced lysosomal degradation so that tumor-specific CD4+ T cells are efficiently activated (198).

Neutrophils exist and survive in the suppressed environment of glioma although the mechanisms of neutrophil recruitment to glioma are poorly defined (199). The specific role that autophagy plays in the context of glioma is worthy of reevaluation, even if the implication of autophagy in neutrophil granulopoiesis, phagocytosis, degranulation, and neutrophil extracellular trap (NET) formation is well-documented (200). In particular, neutrophils also require autophagy as a key regulator for building NADPH-oxidase-mediated reactive oxygen species (ROS) and inflammatory activity (201).



Autophagy in Tumor-Infiltrating Lymphocytes

Autophagy generally maintains cellular homeostasis and relieves lymphocytes from accumulating stress (202, 203). Notably, reports are claiming that autophagy-mediated metabolism in T cells modulates T cell activity (204, 205). That T cells heavily rely on autophagy for ATP supply is not limited to survival guarantee, but is also essential when T cell receptor (TCR) engagement and CD4+ The cell activation cause an increased demand for energy (205). Following activation of CD4+ Th cell, common γ-chain cytokines represented by IL-2 and IL-4 also mediate regulation of autophagy in Th cell with JAK signaling involvement (206). It indicates that induction of autophagy in CD4+ T cells in response to TCR activation secures the T cell engaging in effector responses accordingly, and exempts itself from the energy otherwise (207). Upon TCR stimulation, however, the planned entry to the S phase is unexpectedly perturbed thanks to accumulated cyclin-dependent kinase inhibitor CDKN1B in autophagy-deficient T cell, suggesting a key role of autophagy in T cell proliferation (208).

Autophagy fuels CD4+ T cells and it meets the energy demands of other T cell populations as well. It is dynamically regulated throughout CD8+ T cell activities, including proliferation, memory generation, function, and survival (209). In particular, CD8+ T cells depleted of Atg5 or Atg14 are metabolically reprogrammed to glycolytic consumption and display an enhanced effector memory cell activity against the tumor (210, 211). The report implies that the shift towards glycolytic metabolism instead of autophagy in Atg5-/- T cells leaves less carbon available for methylation and results in epigenetic alterations.

Not does autophagy only adjust to activity or environmental cues but also to distinct T cell lineages (212). Tregs depleted of Atg5 or Atg7 show upregulation of mTOR complex 1(mTORC1) and glycolysis, defective functional integrity, and increased apoptosis (213). Interestingly, it rescued the Foxp3 instability phenotype in autophagy-deficient Tregs by inhibiting pyruvate dehydrogenase kinase and glycolysis.

Overall, those studies imply that autophagy fulfilling the energy needs of lymphocytes is subject to specific environmental context, or exact activity, or cell type in a variety of pathways (212). It is plausible to hypothesize that autophagy in those infiltrating T cells is occluded, at least partially, or are diverted to degrade anti-tumor molecules only, or other undiscovered mechanisms contribute to the “non-functional” T cells in the glioma immune microenvironment. Therefore, studies at a single-cell resolution are required for a complete understanding of autophagy in shaping the protumor microenvironment.




Redefine the Interconnection Between Glioma and the Immune Microenvironment From an Autophagic Perspective

Autophagy is generally deployed by multiple types of cells in glioma not only for energy gratification and integrity maintenance, but also for essential functions, such as cytokine production, phagocytosis, and antigen presentation (182). Therefore, the interconnections between glioma and the TIME would be impacted if the energy supply or the cellular context of these cells alters with malignancy progressing. Substantial bioinformatic analyses raise awareness of the autophagy-associated links between glioma and the components of TIME predicting a wide area of intensive basic research (214–219). It has been anticipated by distinct autophagy gene signature-based prognostic risk models that there is more immune cells infiltration in the sets with higher autophagy risk scores, implying latent autophagy-involved associations between autophagy and immunity in glioma (214, 218, 220). However, interpretation for the “coincidental” intertwinement between autophagy and immune responses may require future experimental evidence. It is also worthy of investigation to determine whether it is a cause-effect relation or coincidence and to identify specific cell populations that manipulate autophagy and thereby renovate the immune microenvironment in glioma.

Hypoxia stimulates glioma cells to release exosomes into the peritumor area for intercellular communication. Since TAMs dominates the infiltrating immunocytes and autophagy is highly involved in M2-like macrophage, a piece of evidence illustrates that the glioma-derived exosomes mainly containing IL-6 and miR-155-3p initiate autophagic activities in TAMs and promote M2-like polarization via IL-6-pSTAT3-miR-155-3p-autophagy-pSTAT3 positive feedback loop (221, 222). It exposes the bridging role that autophagy plays in glioma-sourced immunosuppression. M2 macrophage-sourced exosomal miR-15a and miR-92a are reversely corroborated to inhibit glioma invasion and migration via phosphatidylinositol-3-kinase (PI3K)-AKT-mTOR pathway (223). On the other hand, LPS/IFN-γ-stimulated MG can trigger autophagy-dependent death in glioma cells that are resistant to death ligands, like TNF α and TRAIL (224). Although the specific molecular elements restoring the anti-tumor function of MG are of utmost interest, the report exposes that MG-mediated autophagic death may overcome apoptosis resistance in glioma (225).

In addition to exosomal microRNA-mediated autophagic activities, the researchers shed light on the employment of classic autophagy modulators to improve the therapeutic efficacy of immune checkpoint inhibitors (41). According to the report, rapamycin treatment combined with hydroxychloroquine (HCQ) reduces M2-like polarized macrophages in vitro and augments both M1/M2 and CD8/CD4 ratio in the GL261 model. The phagocytic capacity of treated macrophages is also enhanced (41). Further, dropping the expression level of CD47 and SIRPα on glioma cells and macrophages resulted from the combination treatment suggests the deteriorating anti-phagocytic ability of glioma (41, 186). Other mechanisms influencing the TIME may include the evidence that glioblastoma promotes CMA and thereby wearing off the immunogenicity of pericytes, which is reversed by the CMA inhibition (226).

Besides, a novel nanodiamond carrying doxorubicin (Nano-DOX) is designed and corroborated to trigger autophagy instead of apoptosis in GBM. The Nano-DOX further stimulates GBM cells to emit antigens and damage-associated molecular patterns (DAMPs) leading to the boosted activation of DCs (227). Moreover, the liposomal honokiol and disulfiram/copper codelivery system (CDX-LIPO) is demonstrated to be a remarkable autophagy initiator in glioma cells and induces immunogenic cell death which results in enhanced activation of anti-tumor immunity. The CDX-LIPO is developed to inhibit the mTOR signaling pathway to promote autophagy, shift the M2 TAM towards the M1 type, and even interfere with glucose metabolism and lactate production. It also triggers immunogenic cell death, promoting the maturation of antigen-presenting cells and, further, the activation of T cells. The TIME in glioma is thus remodeled, marked by M2-polarized TAMs, matured DCs and NK cells, activated cytotoxic T cells, and repressed MDSCs, along with diminished glycolysis and lactate metabolism (228).


Current Autophagy-Adjuvant and Autophagy-Related Therapies Against Glioma

As is shown in the extensive studies discussed previously, there are generally two directions to manipulate autophagy against glioma. One method of autophagy intervention is to overcome protective autophagy stimulated by drugs and repurpose the lethal condition to induce cell death. For instance, it has long been discussed that TMZ treatment at clinically available dosage induces autophagy in glioma cells for survival in adverse conditions (229). The TMZ-induced autophagy may require ERK1/2 signaling (230). The therapeutic efficacy of TMZ is further improved with later autophagy inhibitor bafilomycin or CQ administration. Recent studies unravel the mechanisms of TMZ-stimulated autophagy including, but not limited to, mitochondrial and endoplasmic stress, O6-methylguanine adducts generation, and ATP surge (177, 231, 232).

The addition of CQ or HCQ to the conventional glioma treatment TMZ represents a breakthrough. These quinolone derivatives initially used as antimalarial and rheumatological drugs are the only autophagy modulators that have been extensively researched and even tested in clinical trials for glioma combinational therapies (NCT02378532 and NCT00486603) (233, 234). Particularly, CQ in combination with TMZ renders U87, U251, and LN229 cells susceptible to TMZ by interfering with GRP78-dependent and PI3KC3-BECN1-dependent autophagy and cleaving poly ADP-ribose polymerase (PARP) (18). It is revealed that mitophagy is additionally inhibited by the CQ cotreatment with TMZ resulting in ROS accumulation (179). Other synergistic effects of combinations of CQ and TMZ may lie in the p53-mediated apoptosis induction or p53-independent cell cycle arrest in glioma cell lines (235). However, CQ- or HCQ-based conclusions merit further consideration due to their autophagy-independent off-target effects (137). Research focusing on more precisely targeted inhibitors of autophagy are highly welcomed for antitumor drug development.

However, a few clinical trials have been conducted to translate the promising treatment efficacy of CQ and TMZ into the application. A total of 30 postoperative GBM patients are recruited into a randomized, double-blinded, and placebo-controlled trial to evaluate the efficacy of CQ as adjuvant therapy for glioma (234). Despite the lack of statistical significance, the median survival of CQ-treated patients being 24 months is approximately two times longer than the control group being 11 months, which may be more definitive and more generalized if enlarging the sample size is permitted. A more recent phase I/II cohort focuses on the efficacy of HCQ along with concurrent radiotherapy and TMZ administration in newly diagnosed GBM (233). Nevertheless, the maximum tolerated dose for HCQ is 600 mg/d due to severe dose-limiting toxicity, at which autophagy may not be sufficiently and consistently inhibited in patients. As a result, any significant improvement in overall survival is hardly detected (233). The conflicting results between basic studies and clinical trials encourage the development of more tolerable, BBB-penetrable, and potent autophagy modulators. More novel options in conjunction with TMZ for glioma management are currently being explored and evaluated, such as combined TMZ/SAHA therapy (Table 1) (236).


Table 1 | Autophagy-related therapy against glioma.



Apart from inhibiting protective autophagy, another direction may involve the agents triggering cytotoxic autophagy. Delta-9-tetrahydrocannabinol (THC) and cannabidiol (CBD) are both cannabinoids utilized as anticancer agents due to their ability to induce lethal autophagy (244). The systemic administration of THC + CBD at a 1:1 ratio in combination with TMZ strongly reduces the subcutaneous and the intracranial tumor volume in the preclinical models of glioma, which results in complete tumor regression in over half of the animals (237). Indeed, the TMZ/THC/CBD therapy has already been proposed to be evaluated through a clinical trial (NCT03529448). Although microRNAs are mostly regarded as biomarkers for diagnosis or prognosis, the synergistic effect of miR-450a-5p overexpression combined with epidermal growth factor receptor (EGFR) inhibitor gefitinib confers the sensitivity to chemotherapy in glioma through the EGFR-stimulated PI3K/AKT/mTOR signaling pathway and further pro-death autophagy activation (245). Furthermore, the application of rapamycin induces autophagy and results in an increase of radiosensitivity in EGFR-silencing GBM cell lines (246).

With the addition of carnosic acid (CA), an abietane diterpenoid extracted from rosemary or common sage, the U251 and LN229 cells are resensitized to TMZ incubation showing Cyclin B1-mediated cell cycle arrest, cellular apoptosis induction by cleavage of PARP and Caspase-3, and enhanced autophagy through inhibition of phosphorylated AKT (238). This is similar to how pan-PI3K inhibitor GDC-0941 combined with TMZ arrests cell cycle, exerts a pro-apoptotic effect, and augments autophagy mainly through the PI3K-AKT signaling pathway (239). The Janus kinase (JAK) inhibitor momelotinib (MTB) also potentiates TMZ efficacy via apoptosis and autophagy induction (240). Although TMZ/CA, the TMZ/GDC-0941, and the TMZ/MTB therapy fail to identify the relation between the relationship between apoptosis and autophagy, it is plausible to think that the “apoptotic” cell death could be ascribed to autophagy-associated impacts. Some of the autophagy-related agents treating glioma are summarized in Table 1, while the other autophagy modulating chemicals or autophagy-related molecular targets have been discussed elsewhere (181, 247, 248).




Conclusion and Future Perspective

Autophagy represents not merely a way for cellular maintenance, but also a key point of regulation in finely adjusting interplays between glioma and the TIME. It supports glioma typically by enhancing the adaptability of glioma cells to the extent of progressive, invasive, and drug-resistant malignancy, and also by rendering prevailing TAMs differentiating towards the M2 phenotype through exosomes and reduce phagocytosis. Neutrophils use autophagy for proper immunity against glioma. The intercellular engagement, activation, and anti-glioma activities of T cells are ensured with autophagy involvement.

Conclusively, the ultimate effect of autophagy in glioma and the TIME may highly depend on the cell type, the intensity of the surrounding signal, and the stage of the lesion and progression. Autophagy can be utilized to cater to a variety of demands, but it seemingly turned out to be tumor-promoting cumulatively with glioma progression. It also should be reiterated that autophagy may influence the status and well-being of glioma cells and the members of TIME, and thereby modulate their interconnections in the permissive environment. Some interplays may rely on the whole process of autophagy while others are involved with some of the autophagic components instead of the entire flux.

Beyond glioma cells, autophagy in any peritumor cells would be influenced when autophagy is manipulated systemically. Considering the promising efficacy of autophagy modulators and the definite number of related clinical trials and basic studies, it is of great importance to shed more light on the entire supervision of glioma cells and their environment at a single-cell level, of which the members in the suppressive immune environment should be prioritized. Therefore, more profound insights will be acquired for novel autophagy-related therapy development.

The reason why it deserves more attention not only comes from the trend that autophagy modulators might be part of regular use for glioma treatment one day but also lies in the autophagy-related drugs that are being clinically employed. However, the mechanism challenges regarding autophagy in glioma and its TIME are pressing. How autophagy contributes to oncosuppression and turns itself into an indispensable part of glioma malignancy remains to be determined. It is also critical to identify specific and easily-tested indicators for autophagy status so that the dependency on autophagy for a certain type of cells in glioma is characterized before autophagy therapies.
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Glioma is the most common malignant primary brain tumor diagnosed in adults. Current therapies are unable to improve its clinical prognosis, imposing the need for innovative therapeutic approaches. The main reason for the poor prognosis is the great cell heterogeneity of the tumor and its immunosuppressive microenvironment. Development of new therapies that avoid this immune evasion could improve the response to the current treatments. Natural killer (NK) cells are an intriguing candidate for the next wave of therapies because of several unique features that they possess. For example, NK cell-based immunotherapy causes minimal graft-versus-host disease. Cytokine release syndrome is less likely to occur during chimeric antigen receptor (CAR)-NK therapy, and CAR-NK cells can kill targets in a CAR-independent manner. However, NK cell-based therapy in treating glioma faces several difficulties. For example, CAR molecules are not sufficiently well designed so that they will thoroughly release functioning NK cells. Compared to hematological malignancies, the application of many potential NK cell-based therapies in glioma lags far behind. Here, we review several issues of NK cells and propose several strategies that will improve the efficacy of NK cell-based cancer immunotherapy in the treatment of glioma.
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Introduction

Gliomas are the most common intracranial primary malignant tumor (1). The incidence of gliomas is approximately of six cases per 100,000 individuals worldwide. Glioblastoma (GBM), the most common glioma histology, has a 5-year relative survival of ∼5%. While the majority of cases are sporadic, a small portion of these tumors are associated with neurofibromatosis type I, tuberous sclerosis, and Li-Fraumeni syndrome. Standard medical care, including the most extensive tumor resection followed by radiotherapy and chemotherapy. Surgery is commonly performed with both diagnostic and therapeutic intent. The therapeutic goal of surgery is to remove as much tumor tissue while preserving neurological function. Even for diffuse gliomas, a biopsy is recommended to acquire tissue specimens for molecular profiling (IDH mutations,1p/19q codeletion, MGMT promoter methylation, EGFR amplification et al) (2). Most patients receive chemotherapy. Classic schemes including Stupp (NCT00006353) and PCV (Procarbazine, CCNU, and Vincristine) (3). The strategies of radiotherapy are determined by the disease subtype and prognostic factors, including residual tumor volume, age, KPS. The details of novel strategies including tumor-treating fields (TTFields), checkpoint inhibitor, vaccine and oncolytic virus are described in Table 1. In general, the prognosis of high-grade glioma is still unpleasant, which calls for more efficient approaches.


Table 1 | Applications of novel strategies in glioma.



Adoptive cell therapy (ACT), especially CAR-armed cell therapy, has great potential due to its high cytotoxicity and precise strikes. ACT consists of a series of infusions of autologous or allogeneic immune cells to kill targets, and T cell-based immunotherapy is an example of a mainstream form of ACT that is well-studied. Chimeric antigen receptor (CAR) T cells targeting CD19 is one therapy that has resulted in encouraging success in patients with B cell malignancies and has been approved by the US Food and Drug Administration (FDA) (5–7). However, there are numerous logistic and clinical limitations to the use of autologous CAR-modified T cells. Personalized CAR-T products are time-consuming and expensive to produce. Allogeneic T cell-based therapy can cause substantial toxic effects, such as graft-versus-host disease (GvHD) and cytokine release syndrome (CRS) (8). Furthermore, the results of CAR-T cell therapy for solid tumors are suboptimal. These shortcomings of CAR-T cells have called for interest in other candidate.

NK cells are a subpopulation of the innate immune system (9, 10). NK cells can be identified by CD3(-) CD56(+). Depending on the level of CD56 and CD16 expression, NK cells can be divided into CD16+CD56dim and CD16−CD56bright cells. CD16+CD56dim NK cells predominate in peripheral blood while CD16−CD56bright NK cells are distributed into secondary lymphoid organs (11). CD16−CD56bright NK cells are robust cytokine producers and are weakly cytotoxic while the CD16+CD56dim NK cell population can mediate serial killing of infected and/or malignant cells. NK cell receptors are germline-encoded without a requirement for ‘V(D)J’ recombination. Natural killer (NK) cells have gained attention as a promising alternative candidate for ACT owing to their unique biological attributes.

NK cells do not require any prior antigen and can rapidly recognize and kill cells for which major histocompatibility complex (MHC) class I molecular expression is compromised by infection or transformation (9). Once activated, NK cells can release perforin and granzyme, contributing to target cell lysis. NK cells upregulate death ligands on their surface, such as FAS ligand and TRAIL, and initiate the caspase pathway of tumor cells and induce apoptosis when binding to death receptors on target cells. NK cells can eradicate cancer cells through antibody-dependent cellular cytotoxicity (ADCC) mediated by FcγRIIIA/CD16a. Furthermore, NK cells produce interferon gamma (IFN-γ), regulating and activating the adaptive immune response.

NK cell-based therapy is safe and has potential generated as off-the-shelf cellular therapy products. Autologous NK cells exert limited cytotoxicity against autologous tumors, while allogeneic NK cells are highly cytotoxic and cause minimal risk of GvHD (12–16). Thus, NK cells can originate from different sources, such as peripheral blood NK cells (PBNK), induced pluripotent stem cells (iPSCs), umbilical cord blood (UCB) and NK-92 cells, and this eliminates the need to produce a personalized CAR-NK product. However, the claim that allogeneic NK cells cause no or minimal GvHD and CRS is controversial and originated from observations obtained during clinical trials, especially in the setting of hematopoietic cell transplantation (HCT), the mechanism of which has not been thoroughly discussed. Here, we review important issues regarding NK cells and glioma and discuss several options that can be used to improve the efficacy of CAR-NK in glioma treatment.



The Safety of NK Cell-Based Immunotherapy


NK Cell Alloreactivity

All NK cells are non-responsive towards healthy autologous cells, which involves the interaction of at least inhibitory killer immunoglobulin-like receptors (KIRs) or CD94-NKG2A with one autologous MHC class I molecule. KIRs can be classified based on two factors: the number of immunoglobulin-like domains (2D and 3D) and the length of the intracytoplasmic tail (L or S). Inhibitory KIRs usually possess a long cytoplasmic tail (KIR2DL), whereas activating KIR possess a short one (KIR2DS), except for the activating KIR2DL4, which has a long cytoplasmic tail. Inhibitory KIRs contain immunoreceptor tyrosine-based inhibition motif (ITIM) sequences responsible for the inhibitory signal. Unlike cytotoxic CD8+ T cells, which are highly specific for antigens, NK cells express clonally distributed inhibitory receptors termed KIRs that recognize determinants (KIR ligands) shared by subsets of HLA-B or -C allotypes (17–20). More than fifty KIR family members have been identified, and each of these genes is highly polymorphic and has thousands of alleles (21). Three subfamilies and associated inhibitory specificities are well determined (Table 2). The CD94-NKG2A heterodimer, belonging to C-type lectins, is specific for HLA-E (24–26).


Table 2 | Three subfamilies of KIRs and specific ligands.



Major models used to predict NK cell alloreactivity include ‘missing self’ and ‘missing ligand’ (Figure 1). Missing self-recognition (the ‘ligand–ligand’ model) was proposed by Karre et al. and occurs under HLA haplotype-mismatched transplants in the graft-versus-host direction (27). Donor NK cells express a KIR for the self HLA class I group that is absent in the recipient, which mediates alloreactions (28–30). HLA testing is required to predict NK cell alloreactivity due to the missing self-model.




Figure 1 | T-CAR designs. (A–D) show the four generations of T-CAR. In brief, CAR contains three parts: extracellular domains are comprised of a single-chain variable fragment (scFv) for recognizing targeted antigen and transmembrane domains, and endocellular domains for transducing signals. First generation CARs consist of the basic structure with CD3ζ (A). Second generation CARs contain an additional costimulatory domain such as CD28 or 4–1BB (B). Third generation CARs possess multiple costimulatory domains (C). Fourth-generation CARs, also known as ‘armored CARs’ can be designed to secret cytokines to improve the proliferation, persistence.



Because the genes for KIR, HLA, and CD94–NKG2 are located on different chromosomes (31–33), KIR genes segregate independently of the HLA genes, and thus, KIR mismatches can exist in two HLA-matched individuals. Also, it was found that many individuals have 3 inhibitory KIRs (for HLA-C1 and -C2 and for HLA-Bw4 alleles), while their own cells only express 1 or 2 HLA KIR ligands (22, 34, 35). KIR expression is donor specific, but not related to the donor or recipient HLA and is not affected by the recipient’s HLA groups (36). The missing ligand model (the ‘receptor-ligand’ model) was based on these. According to this model, NK cell alloreactivity occurs not only in HLA haplotype-mismatched transplants, but also in HLA haplotype-matched transplants from donors possessing ‘extra’ KIR(s), for which neither donor nor recipient possess HLA ligand(s) (35–37). The donor’s potentially self-reactive NK cells can trigger an alloreactive effect in the recipient while maintaining anergy in the donor. Analysis of the KIR expression on the donor’s NK cells and HLA testing of the recipient’s cells are required to predict NK cell alloreactivity due to the missing ligand model.

The missing self and missing ligand models can be used to predict NK cell alloreactivity. Although alloreactive NK cells can eradicate tumor cells, the anti-tumor effect is not confined to alloreactive NK cells. NK cell activity depends on the balance between inhibitory and stimulatory receptors. An anti-tumor effect can be mediated by NK cells expressing stimulatory receptors, such as activating KIR and NKG2D (38–40).




NK Cell-Based Immunotherapy Causes Minimal GvHD and CRS

GvHD refers to a condition resulting from the systemic attack of allogenic T cells on recipient tissues after allogeneic hematopoietic stem cell transplantation or infusion of allogeneic T cells (41–43). The effects of GvHD are commonly manifested in the gastrointestinal tract, liver, and skin (44), and severe GvHD can be fatal. The role of alloreactive NK cells on GvHD in the setting of HCT varies among studies. Some investigations found that alloreactive NK cells were related to decreased GvHD (36, 45, 46), which was partially attributed to the observations that allogeneic NK cells would be expected to kill host dendritic cells (DCs) and donor T cells (46, 47). Miller et al. analyzed 2,062 patients undergoing unrelated donor HCT (48). They found that one or more KIR ligands were missing versus the presence of all ligands, which is associated with a low relapse rate in patients with early myeloid leukemia. This omission predicted a greater risk of developing grade 3-4 GvHD in the setting of chronic myeloid leukemia (CML) patients. Miller et al. attributed the higher rate of acute GvHD in CML to the expanded myeloid pool with more host antigen-presenting cells (APCs) capable of presenting alloantigen to donor T cells (48).

HCT after ablation of bone marrow is used to cure hematological malignancies and results in less cancer relapse compared to chemoradiotherapy (49). T cells of allogeneic hematopoietic grafts for treating leukemia mediate the antileukemia effect as well as lethal GvHD. In many studies, it was attempted to prevent GvHD by depleting the T cells from the graft and infusing large numbers of hematopoietic stem cells to overcome rejection (50), which was at the expense of immunity reconstitution failure and infection. Later, NK cells from alloreactive donors were found to protect patients against rejection and GvHD in the setting of HCT (46). Interestingly, we found the idea that NK cell-based therapy caused GvHD mostly happened in the setting of HCT. But we should not evaluate the effects of alloreactive NK cells on GvHD in the setting of HCT because the effect of T cells in the grafts is negligible. It is likely that T cell interference is the most important controversial element with respect to the alloreactive NK cell effects on GvHD.

In fact, NK cell-based immunotherapy is safe and causes minimal GvHD. GvHD most likely occurs when NK cells from donors with several KIR subfamilies are infused into recipients possessing one group HLA ligand. Valiante et al. analyzed NK cell receptor repertoires in the peripheral blood of two human donors (donor PP only possessed group 1 HLA-C ligand, and donor NV possessed group 1 and 2 HLA-C ligands and the Bw4 HLA-B ligand, both of which have three KIR subfamilies as demonstrated in Table 2) (51). They found that more than 98% of NK clones were inhibited self-HLA class I allotypes, and no NK cell from either donor was able to lyse the autologous B cell line (51). Interestingly, NV possessed approximately 15% of the analyzed NK cell clones, did not express KIR2DL2 or CD94:NKG2a, and was able to lyse the B cell line from PP, whereas the NK cell clones from PP failed to lyse the B cell line from NV (51). Ruggeri adopted functional analysis to evaluate the NK cell alloreactivity in more than 200 NK clones (46). Alloreactivity was defined as positive when the frequency of lytic clones was no less than 1 in 50 (46). In addition, the expression of CD94:NKG2a is inversely related to KIR levels (51). Approximately, 50% of NK cells in an individual express CD94:NKG2a (51, 52). Cell-surface HLA-E expression depends on many peptides, including the leader peptides of HLA-A, -B, or -C, and downregulation of HLA-E expression requires the elimination of three types of HLA molecules (53, 54). Thus, NK cells expressing CD94–NKG2A display no alloreactivity because all individuals express HLA-E molecules. Therefore, NK cell-based immunotherapy is safe most of the time and will cause minimal GvHD because alloreactive NK cells only account for a small proportion. In addition, healthy cells express high levels of MHC class I molecules, but they express no or minimal level of ligands for NK cell activating receptors. Conversely, tumorigenic cells downregulate MHC class I expression but upregulate the expression of ligands for NK cell activating receptors. For example, MICA/MICB and ULBP, ligands for NKG2D, are often induced by stress or transformation (55, 56). The integration of the activating and inhibitory signals from the ligand/receptor determines NK cell activity. Some studies indicated that the positive signal delivered by NKG2D could override inhibition. Therefore, NK cells become alloreactive prior to killing tumor cells.

CRS involves elevated levels of circulating cytokines, especially interferons and immune-cell hyperactivation, which manifests as an influenza-like syndrome, organ failure, and even death (57). CAR-NK is less likely to induce CRS and neurotoxicity partially because of a different spectrum of secreted cytokines consisting of activated NK cells that produce IFN-gamma and GM-CSF, and CAR-T cells that predominantly release tumor necrosis factor (TNF)-a and interleukins, such as IL-1, IL-2, and IL-6 (57, 58). The mechanism was validated by clinical trials. Liu et al. launched a clinical trial (NCT03056339) that administered HLA-mismatched anti-CD19 CAR-NK cells to 11 patients with high-risk lymphoid malignancies (16). The administration of CAR-NK cells was not associated with the development of cytokine release syndrome and there was no increase in the levels of inflammatory cytokines, including interleukin-6, over baseline (16).



NK Expansion Techniques

Large numbers of cells are essential for successful adoptive transfer cell therapy. It has been proved that high doses of NK cells from10^7cells/kg to 4.7×10^10 total NK cells can be well tolerated (16, 59, 60). NK cells only account for approximately 10% of peripheral blood mononuclear cells. The NK92 cell line is used in current clinical trials with CAR-NK because of their unlimited proliferation ability in vitro. However, the NK92 cell line is tumorigenic and lacks CD16 and NKp44 expression, and additionally, these cells will lose their proliferation ability due to lethal irradiation infusion (61, 62). Because of these drawbacks, it is unlikely that they will be an ideal cell source for CAR-NK cell therapy.

Expansion protocols possess considerable heterogeneity. The expansion process often takes 2-3 weeks of culture in the presence of mitogenic cytokines, and engineered feeder cells can optimize the expansion process. K562 cells engineered to express membrane-bound IL-15 or IL-21 along with the adhesion molecule 4-1BBL are adopted as feeder cells in many clinical trials (63, 64). There have been reports of 300-fold expansions combined with IL-2 and IL-15. IL-15 is important to NK cell survival and function (65, 66), and 4-1BBL provides a cell to cell contact-dependent co-stimulatory signal (67). We observed that low density less than 10^5cells/mL is not ideal for NK expansion. We recommend that the ratio of engineered K562 feeder cells and NK cells is 1:1 to 2:1. The K562 cell line possesses unique properties and lacks HLA expression. As described above, inhibitory KIRs recognizing corresponding HLA ligands can inactivate NK cells. This can be proved by our laboratory findings that other cell lines engineered to express IL-21 and 4-1BBL failed to achieve high-fold NK expansion. Some studies used RetroNectin-stimulated T (RN-T) cells as feeder cells (68, 69). Briefly, the procedure for this is to culture T cells from autologous peripheral blood mononuclear cells (PBMCs) with RetroNectin and anti-CD3 monoclonal antibody. In approximately 2 weeks, RN-T cells can serve as feeder cells after irradiation. RetroNectin plays a role in cell adhesion (70). The anti-CD3 monoclonal antibody leads to T-cell activation and cytokine secretion, and activated T cells express ligands of NKG2D (47, 71). Irradiated PBMCs as feeder cells were utilized by Parkhurst et al. and share a similar mechanism with RN-T in NK cell expansion (60, 72). The CD14+ monocyte fraction of irradiated PBMCs function in cell-cell contact (73). Feeder cells derived from autologous PBMCs eliminate the need for infusion of viable malignant feeder cells into the NK cell product. Feeder-free expansion approaches have also been tested. Li et al. cultured NK cells in an anti-CD16 (Beckman Coulter)-coated flask (74). Antibody-coated beads targeting CD2 and NKp46 (CD335) are commercially available. However, not everyone or each NK cell expresses these stimulatory receptors, and feeder-free expansion protocols lose cell-to-cell contact effects. For example, only a part of NK cells of an individual expresses CD16 on blood NK cells (75, 76).



Adoptive Cell Therapy and CAR-NK Cells

There are several developmental stages in ACT. Lymphokine-activated killer (LAK) cells, which consist of a mixture of NK cells, NKT cells, and T cells, were adopted to overcome insufficient quantities of immune cells (77). An unwanted side effect of a high dose of IL-2 is that it induces capillary leak syndrome and neuropsychiatric diseases in a manner similar to that of CRS. To obtain immune cells that can effectively respond to tumors, Rosenberg introduced the concept of tumor-infiltrating lymphocytes (TILs) (78), which have many similarities with LAK cells except the origin of lymphocytes. The former is isolated from the stroma of tumors, while the latter is acquired from PBMCs. Success with TILs has been achieved in many solid tumors, including breast cancer tumors (79, 80). With TCR engineering, tumor-specific TCR α and β chains are identified and integrated with T cells via viral vectors (81). There must be specificity with T-cell engineering and CAR-T. Compared to CAR-T therapy, there are limited choices for physiological receptors with TCR engineering. Effective CAR-T cell therapy relies on optimal CAR molecular design. The CAR construct is becoming increasingly sophisticated with the understanding of T cell activation and tumor-specific and -associated antigens (82). Four generations of CAR designs have been developed that are mainly different in categories and number of co-stimulation factors (Figure 1). For safety and effectiveness, many novel designs have been tested, such as ‘inverted CAR,’ ‘off-switch CAR’ and ‘logic-gate CAR’ (83–85).

NK cell-based immunotherapy is a subset of ACT and is similar to adoptive T therapy, especially with respect to CAR therapy. CAR-NK-related clinical trials show that the most adopted CAR design corresponds with first and second generation T-CAR (86). Most NK-CARs use CD28 and 4-1BB, which are more specific to T cells, as their transmembrane and intracellular domain, respectively (87, 88). Later studies began to design CARs specific to NK cells. For example, intracellular domains replaced CD28 with 2B4, DAP12, or DAP10 (89, 90). Li et al. proved that the signaling domains of CAR-NK, such as NKG2D-2B4, exhibited superior in vitro and in vivo anti-tumor activities compared to that which contains CD28-4-1BB (91). The revolution of CAR-NK therapy is described in Figures 2A–D, and it is clear that the CAR construct is becoming increasingly sophisticated with the growing understanding of T cell activation and tumor-specific and -associated antigens that are also suitable for NK cells.




Figure 2 | NK-CAR designs. Early studies exploring CAR-NK cells used CAR constructs optimized for T cell signaling and function (A, B). Later, many investigators begin to study costimulatory domains specific for NK cell signaling, such as DAP10, DAP12 or 2B4 (C, D). DAP10 is the adaptor molecule of NKG2D and acts via a Syk-independent regulatory pathway (92). DAP12 is the adaptor molecules of NKG2C, NKp44 and activating killer immunoglobulin receptors (KIRs) and contain immunoreceptor tyrosine-based activation motifs (ITAMs) (93). 2B4, an important co-stimulation factor of NK activation, contains immunoreceptor tyrosine-based switch motifs (ITSMs) that recruit adaptor molecules such as SLAM-associated protein (SAP) to mediate signal transduction (94). We design a new CARs that replace ITAMs of CD3ζ with FcϵRIγ and DAP12 (E).





Immunosuppressive Mechanisms of Glioma

Glioma, especially GBM, shows an extreme cell heterogeneity, diffuse growth patterns and high invasiveness. Gliomas were thought to be “immune cold” tumors with low infiltration of lymphocytes (95). Furthermore, microenvironment of the glioma has the ability to suppress immune response systematically and locally.

Mahaley et al. first reported the presence of lymphopenia in GBM (96). Studies have found patient-derived peripheral blood lymphocytes shows immune defects that exhibited varying levels of proliferative unresponsiveness to the T-cell mitogens concanavalin A (ConA), phytohemagglutinin (PHA) and anti-CD3 monoclonal antibody as well as with the T-dependent B-cell mitogen, pokeweed mitogen (PWM) (97, 98). A selective impairment of the IL-2 system and T cell receptor-mediated signaling in lymphocytes of patients with glioblastomas may contribute to the unresponsiveness (99, 100). Compared to healthy individuals, accumulation of myeloid-derived suppressor cells (MDSCs) in the peripheral blood of patients with glioma was found (101, 102). MDSCs impair tumor immunity by interacting with macrophages to increase IL-10 and decrease IL-12 production, driving a tumor-promoting type 2 response (103). Inhibitory soluble factors secreted by glioma can suppress lymphocyte’s function. Transforming growth factor beta (TGF-β) can impair peripheral blood NK cell function by downregulating NKG2D (104–107). Therefore, the immune responses are suppressed systematically in glioma microenvironment.

Gliomas often overexpress phosphorylated signal transducer and activator of transcription 3 (p-STAT3) that induces a variety of immunosuppressive factors including IL-10, prostaglandin E2 (PGE2), vascular endothelial growth factor (VEGF) and TGF-β (108). These soluble factors can suppress cytotoxic T lymphocytes activity and proliferation (108). TGF-β and IL-10 can induce Tregs that inversely modulate immune response (109). Chemokines and cytokines, such as CX3CL1 and CCL5 can recruit tumor-associated macrophages to GBM microenvironment and contribute to abnormal angiogenesis (110, 111). Most GBM cells express high levels of MHC class I molecules that can inhibit NK cells by interacting with inhibitory KIRs (112). Absolute survival advantages of tumor depriving of nutrition and oxygen might suppress NK cell metabolism and antitumor activity (113). N6-methyladenosine (m6A) modification is an emerging field in the study of tumorigenicity and therapy resistance of glioma (114, 115). The relationship between m6A states and immune infiltration and function in glioma is still unclear. Studies found higher m6Ascore was associated with T cells exhaustion and lower NK cells in the m6Ascore-high pancreatic ductal adenocarcinoma (116). So, the immune responses are suppressed locally in glioma microenvironment.



Applications of NK Cells For Glioma Treatment

Except for unique advantages of NK cells, there is still a potential of NK cells in treating glioma. Cózar et al. analyzed RNA-seq datasets from the TCGA database and found NK-cell infiltration in both low grade glioma and GBM and even had higher scores compared to T-cell infiltration, which paved the way for the use of treatments targeting NK cells in glioma (117). Similar to adoptive T therapy, NK cell-based immunotherapy mainly concentrates on hematological malignancies. Thus far, the therapeutic utility of NK cell-based immunotherapy for the treatment of glioma has mainly been investigated in preclinical studies (Table 3). These trials most utilize either PBNK cells or NK92 cells, as well as first and second generation CARs designed for T cells and not optimized for NK cell signaling. Furthermore, clinical trials pay more attention to evaluate the safety of CAR-NK therapy. Although preclinical studies began to test the efficiency of DAP12 specific for NK cell signaling. Most of them adopted similar CARs as used in clinical trials. Compared to hematological malignancies, both in the quantity and CARs design, the application of NK cell-based therapies in glioma lags far behind.


Table 3 | Applications of NK cells in glioma.





Future Perspectives

Compared to T cell-based therapy, the development of NK cell-based therapy falls behind to some degree in the treatment of glioma. Adoptive NK cell therapy is lack of in vivo persistence without cytokine support, which may limit the efficacy of the NK cell immunotherapy. System administration of cytokines is associated with undesirable toxicities as described above. Trafficking to tumor beds is critical for the efficacy of adoptive cellular therapy. Müler et al. observed an infiltration increase of anti-EGFRvIII CAR-NK cells engineered to express CXCR4 to CXCL12/SDF-1α secreting glioblastoma cells, leading to improved tumor regression and survival in a mouse model of glioblastoma (90). The difficulty may be resolved by intratumoral administration of NK cells products. In general, there is much room for the development of CAR-NK therapy in the field of glioma treatment. Much more pressing for NK cell-based therapy is designing more efficient products in treating glioma. Therefore, we try to put up several strategies to achieve the goal on the base of the knowledge of NK cells and glioma.

NK cell therapy is the lack of in vivo persistence in the absence of cytokine support. IL-15 is essential for NK cell function and homeostasis and can be added to CAR molecules to mimic the fourth generation of T-CAR. TGF-β plays an essential role in impairing NK cell function. Inverted CAR may be applied to reverse the situation by fusing the ectodomain of the TGF-β receptor to the endodomain of an activating receptor. CD3ζ is found in the intracellular domains of T-CAR and NK-CAR. Furthermore, CD3ζ, containing three immunoreceptor tyrosine-based activation motifs (ITAMs; YxxL/Ix6-8YxxL/I, with 29 amino acids), has a limited impact on the effectiveness of CAR-NK (123).

Modification targeting CD3ζ has been tested in CAR-T therapy. Wu et al. found that CD3ϵ recruits Csk and p85 via its mono-phosphorylated ITAM and BRS motif, respectively (124). Incorporation of the ITAM of CD3ϵ into a second-generation CAR increased the antitumor activity of CAR-T cells by reducing the cytokine production and promoting the persistence of CAR-T (124). NK cells possess many types of stimulatory receptors, such as CD16, NKp46, and NKG2D, and these stimulatory receptors do not act separately. In fact, apart from CD16, which is sufficient for activation of resting NK cells, it is necessary for all activating receptors to cooperate and synergize with one another for NK activation (125). Interestingly, the ITAM of many stimulatory receptors or their related adaptors, such as FcϵRIγ and DAP12, also consists of 29 amino acids with different sequences. Therefore, an exchange may produce more effective CAR-NK cells (Figure 2E) with mild changes in CD3ζ structure.

CAR-NK cells can kill targets in a CAR-independent manner. Combination therapy with monoclonal antibodies is promising, and it was observed that trifunctional antibodies recognized targets and simultaneously engaged NKP46 and CD16, which controlled tumor growth in mouse models (126). A team used antibodies to prevent the loss of cell surface MICA and MICB in human cancer cells, which stabilizes the bond between NKG2D and its ligands. These antibodies inhibit tumor growth in mouse models, and the antitumor effect is mediated mainly by the activation of NKG2D and CD16 (127). Apart from the activating receptors, antibodies blocking the inhibitory receptors of NK cells, such as KIR, NKG2A, TIM3, and TIGIT have been studied (52, 128–130). NK cells can express FcγRIIIA/CD16a and/or FcγRIIC, which bind to the Fc portion of human immunoglobulins. Once antibodies bind to targets, NK cells are able to recognize the Fc portion and lyse target cells through antibody-dependent cell-mediated cytotoxicity (ADCC) (131). So, the combination of immune checkpoint inhibitors and NK cell-based therapy may be potential. Although, Nivolumab failed to improve overall survival of patients with recurrent glioblastoma. Studies have found that cancer type 1 or 2 susceptibility gene (BRCA1/2) alteration was associated with higher tumor mutation burden(TMB) and may serve as a novel indicator associated with better treatment outcomes of immune checkpoint inhibitors (132). The function of BRCA1/2 and other DNA mismatch repair gene alteration are worth being investigated in glioma. Most GBM cells express high levels of MHC class I molecules (112). Thus, blockade of such KIRs with antibodies may enhance NK-cell mediated killing.

NK cells and T cells originate from a common ancestor and share many similarities. Both interact with MHC class I molecules, contributing to innate and adaptive immunity. They have similar cell-surface phenotypes and cellular functions, such as cytotoxicity, secretion of cytokines, and interaction with DCs (133). NK cells also play a role in regulating T cell response. For example, NK cells can produce IFN-gamma, which promotes CD4+ T cell differentiation into TH1 helper cells (134). The latter contributes to an enhanced CD8+ T cell response (135). NK cells produce IFN-gamma, leading to DC maturation and IL-12 secretion, which is sufficient for CD8+ T cell activation independent of CD4+ T cell (136). As an important constituent of the innate immunity response, NK cells can kill target cells and release antigen for cross-presentation and activation of T cells (137). NK cells can also negatively regulate a T cell response as described above or in the setting of acute viral infections (138, 139). A combination of NK cells and T cells comprise an ideal potential therapy for tumor treatment. A study has reported that CAR-NK cells can eliminate myeloid-derived suppressor cells and rescue impaired CAR-T cell activity against solid tumors (140). Moreover, CAR-NK cells can improve the infiltration and functions of subsequently infused CAR-T cells by secreting proinflammatory cytokines and chemokines (140). Cózar et al. found marked NK-cell infiltration in solid tumors were also infiltrated with T cells (117).Anti-IL13Rα, anti-HER2, and anti-EGFRvIII CAR-T have been tested in glioma (141–143). Utilizing the safety of CAR-NK cells and the high efficacy of CAR-T cells is worth exploring in gliomas.

Oncolytic virus (OV) OVs have a double oncolytic action by both directly attacking the cancer cells and inspiring a tumor specific immune response. OVs can be engineered to repress antibodies targeting tumor antigen and/or secret cytokines activating immune response. Xilin Chen et al. observed that the combination of EGFR-CAR NK-92 cells with oHSV-1 resulted in more efficient killing of MDA-MB-231 tumor cells and significantly longer survival of tumor-bearing mice (144). Rui Ma et al. (145) generated a therapy that combined off-the-shelf EGFR-CAR NK cells and an Oncolytic virus OV called OV-IL15C. OV-IL15C-infected GBM cells can secrete soluble IL15/IL15Rα complex. GBM-bearing mice models exhibited that the therapy synergistically suppressed tumor growth. These potential therapies are anticipated to be further investigated in clinical trials. Combination therapies are based on the knowledge of NK cell biology. An evolving understanding of gliomas can inspire treatment strategies targeting the basic elements of these malignant cells and their microenvironments. We believe NK cell-based immunotherapy will have a better performance in treating glioma in the future.
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Diffuse gliomas are the most common malignant brain tumors with the highest mortality and recurrence rate in adults. Integrin alpha-2 (ITGA2) is involved in a series of biological processes, including cell adhesion, stemness regulation, angiogenesis, and immune/blood cell functions. The role of ITGA2 in lower-grade gliomas (LGGs) is not well defined. Firstly, we downloaded RNA sequencing and relevant clinical information from The Cancer Genome Atlas cohort, the Chinese Glioma Genome Atlas cohort, and related immune cohorts. Next, prognosis analysis, difference analysis, clinical model construction, enrichment analysis, and immune infiltration analysis are performed for this study. These analyses indicated that ITGA2 may have clinical application value and research value in LGG immunotherapy. We also detected the mRNA and protein expression of ITGA2 in three LGG cell lines and normal glial cells using quantitative real-time polymerase chain reaction assay and western blot assay. Our study not only offers a novel target for LGG immunotherapy but also can better comprehend the mechanism of the development and progression of patients with LGG. This study revealed that ITGA2 may be a potential prognostic and predictive biomarker for LGG, which can bring new insights into targeted immunotherapy.




Keywords: immune infiltration, prognostic signature, overall survival (OS), lower grade gliomas, integrin alpha-2 (ITGA2)



Introduction

According to the malignant degree of gliomas, the World Health Organization has classified them into grade I to IV, which is judged by a variety of histological features accompanied by genetic changes (1). Diffuse gliomas, which include WHO grade II and III gliomas, are the most common malignant brain tumors with the highest mortality and recurrence rate in adults. It is also known as lower-grade gliomas (LGGs) in studies (2). LGG is a diverse primary and malignant brain tumor that frequently arises in young patients and has an indolent course, with a better survival rate than glioblastoma (3), but it always recurs and progresses into glioblastoma. The poor prognosis for patients with LGG shows the diversity of this malignant glioma; therefore, new treatment strategies are needed to continuously improve the prognosis of LGG patients (4). Although radiotherapy and chemotherapy are used to treat patients with glioma, their effectiveness against glioma is not remarkable (5). Therefore, it is very pivotal to find a new prognostic biomarker to enhance the treatment of glioma and increase the understanding of glioma treatment. Integrin alpha-2 (ITGA2), as an important influencing factor on the tumor immune microenvironment, has the potential to become a molecular marker for targeted therapy and the diagnosis of LGG.

ITGA2 belongs to the integrin family, which is pivotal to sustain the integrity of the cytoskeletal–extracellular matrix linkage among all cell adhesion receptors (6). Some research had shown that ITGA2 is a cell transmembrane receptor that assists the adhesion of other several cells to the extracellular matrix (7). In addition, changes of ITGA2 expression affect the immune microenvironment and immunogenicity of tumors (8). A solid tumor is composed not only of cancer cells but also of immune cells, stromal cells, and more, which all may make a difference to LGG progression in a subtle and dynamic way. ITGA2 reportedly is involved in the occurrence and progress of multiple cancers, including colorectal cancer, hepatocellular carcinoma, and breast cancer (9–11). Experts have studied the ITGA2 ligand blockade that significantly obstructed cell migration in glioblastoma (12), but research in LGG has not yet been carried out. To fill this gap, we suggested that ITGA2 can be a robust prognostic and predictive biomarker for LGG.

We investigated the prognostic significance of ITGA2 by bioinformatic analysis in The Cancer Genome Atlas (TCGA) cohort (n = 407); the subgroup of patients with high ITGA2 expression usually induced poor overall survival (OS) times and rates. Similar results were obtained in the Chinese Glioma Genome Atlas (CGGA) cohorts, CGGAseq1 (n = 420) and CGGAseq2 (n = 171). Using clinical patient information, we performed a correlation analysis with ITGA2 expression and established a clinical nomogram to estimate the OS of patients with LGG. Gene Ontology (GO) analysis was implemented to annotate the function of differentially expressed genes, using ITGA2 expression as a boundary. Analysis of the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment was also performed as well as Gene Set Enrichment Analysis (GSEA). A single-sample GSEA (ssGSEA) algorithm investigated the relationship between the enrichment level of the 29 immune-associated gene sets and ITGA2 expression. A study on correlation was applied to explore the relationship between ITGA2 and several known immune checkpoints. Our experiments verified that LGG has a higher protein expression and mRNA expression of ITGA2 than normal glial cells. In brief, through a range of comprehensive analyses, we suggested that ITGA2 can be used as a robust prognostic biomarker for patients with LGG to enhance the outcome of LGG.



Materials and Methods


Data Acquisition and Pre-processing

In this study, three independent LGG cohorts—TCGA cohort and CGGA seq1 and CGGA seq2 cohorts—were downloaded and used for analysis. Data of immunotherapeutic cohorts were downloaded from IMvigor210 cohort (a BLCA immunotherapy cohort, n = 398) (13) and two melanoma immunotherapy cohorts, including GSE78220 cohort (n = 26) and GSE91061 cohort (pre-treatment, n = 51) (14). Data of single-cell RNA sequencing analysis was downloaded from GSE84465 cohort. The RNA sequencing and relevant clinical information of TCGA cohort were downloaded from the Genomic Data Commons Data Portal website (https://portal.gdc.cancer.gov/). The mRNA expression and clinical data were obtained from the CGGA website (http://www.cgga.org.cn/), and the CGGAseq1 and CGGAseq2 cohorts obtained were regarded as the two external validation sets. The RNA sequencing and relevant clinical information of IMvigor210 cohort were downloaded from https://www.nature.com/articles/nature25501, and other cohorts were downloaded from GEO database. The inclusion criteria for LGG were as follows: (1) patients with WHO grade II or III glioma, (2) patients diagnosed with glioma with OS of more than 30 days, (3) patients with expression data, and (4) patients with primary glioma. After filtering, we screened for LGGs that could be used for additional analysis from the three independent datasets (TCGA, CGGAseq1, and CGGAseq2), which resulted in 407, 420, and 171 patients with LGG, respectively. The transcripts per kilobase million of the three RNA sequence cohorts were converted from fragments per kilobase per million using a previously published formula (15, 16). In addition, we deleted 50 data from IMvigor210 cohort, which were not available (NA) for PDL1 treatment (n = 398). Then, the transcripts per kilobase million values were analyzed in the follow-up work.



Prognostic Role of ITGA2 and Validation

Patients with LGG were split into subgroups of low and high ITGA2 expression on the basis of the median ITGA2 expression in the TCGA and CGGA cohorts. Receiver operating characteristic (ROC) curves and area under the curve (AUC) values were used to estimate the prognostic predictive ability of ITGA2 expression in the three cohorts. Univariate and multivariate Cox regression analyses were conducted to estimate the independent prognostic value of ITGA2 expression.



Functional Enrichment Analysis

In the TCGA cohort, the “limma” package, with the standards of |log2 (fold change)| >1 and P <.05, was used to identify differentially expressed genes (DEGs) between LGG subgroups of low and high ITGA2 expression (17). Overall, 2,486 DEGs were screened out, and GO biological processes (GO-BP) analysis and KEGG analysis were performed on the basis of selected DEGs using the “clusterProfiler” R package (18). In addition, to identify tumor hallmarks enriched in LGG with higher ITGA2 expression, GSEA was performed by the GSEA software platform (version 4.0.1, https://www.gsea-msigdb.org/gsea/index.jsp) (19).



Construction and Validation of the Nomogram Predictive Model

Univariate and multivariate Cox regression analyses were conducted to validate the independent prognostic factors among ITGA2 expression and included the following clinical factors: 40 → median age WHO grade (II or III), O(6)-methylguanine-DNA methyltransferase (MGMT) promoter methylation status (methylated or unmethylated), isocitrate dehydrogenase (IDH) mutation status (mutant or wild-type IDH), and 1p/19q co-deletion status (co-deletion or non-co-deletion). A nomogram model was established depending on the outcomes of the multivariate Cox regression, using the R package “rsm.” Continuous variables, the WHO grade of the LGG of the patient, and the ITGA2 expression level were contained in the nomogram model. Calibration curves were formed by means of the “calibrate” function of the “rms” package in TCGA cohort and were validated in the CGGA cohorts. Discrimination was evaluated by calculating Harrell’s C-index. To assess the clinical utility of the nomogram model, decision curve analysis (DCA) was used to compare the benefits of different factors.



ssGSEA

Using an ssGSEA algorithm to quantify the enrichment of the 29 immune-associated signatures, downloaded from previous research (20, 21), and the R package “ GSVA,” we examined the infiltration of each immune cell type in the LGG tumor microenvironment (TME) (22). On the basis of the median expression of ITGA2, the samples were split into high- and low-expression groups for ssGSEA analysis in the TCGA cohort. The estimate algorithm was conducted to calculate tumor purity, estimate scores, immune scores, and stromal scores of LGGs using the “estimate” package (23). The relevant abundance of each infiltrating immune cell was calculated using the ssGSEA algorithm.



Single-Cell RNA Sequencing Analysis

The distribution and abundance of ITGA2 in different cells, such as vascular cell, immune cell, neuron cell, astrocyte cell, neoplastic cell, oligodendrocyte cell, and oligodendrocyte precursor cell (OPC), were obtained by single-cell RNA analysis, implemented by R package “limma”, “Seurat”, “dplyr”, and “magrittr”.



Tumor Immune Dysfunction and Exclusion

Tumor immune dysfunction and exclusion (TIDE) algorithm, based on the database of melanoma and non-small cell lung cancer, can predict the immune response of the patients in other cancer types (24). It mainly depends on two mechanisms: inducing the dysfunction of T cell in tumors with high cytotoxic T lymphocyte (CTL) abundance and preventing the infiltration of T cell in tumors with low CTL levels (25). TIDE algorithm was performed by the website http://tide.dfci.harvard.edu/. Depending on the expression data in the TCGA database, we estimate the immune response of patients with gliomas by utilizing the TIDE algorithm.



Cell Culture

Bt142 mut/-, SW-1783, and SW-1088 human glioma cell lines were received from the American Type Culture Collection (ATCC). A normal human astrocyte (NHA) cell line was acquired from the Culture Collection of the Chinese Academy of Sciences (Shanghai, China). Leibovitz’s L-15 medium (ATCC), with 10% fetal bovine serum (Gibco) added, was used to culture SW-1783 and SW-1088 cell lines. Dulbecco’s modified Eagle’s medium/F12 (ATCC) medium was used to culture Bt142-mut and NHA cell lines. All cell lines were incubated in an incubator with 5% CO2 at 37°C.



Western Blot Analysis and Quantitative Real-Time PCR

The use of human tissue was approved by the Ethics Committee of the Second Affiliated Hospital of Nanchang University. Cell and human tissue lysates were extracted with a radioimmunoprecipitation assay buffer (Solarbio, China) with a mixture of protease inhibitors. Western blot analysis was conducted using ITGA2 (1:1,000, 24552-1-AP, Proteintech, China) and glyceraldehyde-3-phosphate dehydrogenase (GAPDH) antibodies (1:5,000, 10494-1-AP, Proteintech, China). Briefly, the total cell lysates were isolated by 5–12% sodium dodecyl sulfate polyacrylamide gel electrophoresis and then transferred to polyvinylidene difluoride membranes (PVDF membranes, Millipore, MA, USA). The PVDF membranes were incubated with primary antibodies. Enhanced chemiluminescence was used to visualize specific proteins by GV6000M (GelView 6000pro; China). Total RNA was separated from cells using Simply P Total RNA Extraction Kit (Bioflux China), and then extracted RNA was reverse-transcribed to cDNA with Prime Script RTase (Ribobio, Guangzhou). FastStart Universal SYBR Green Master (Roche Diagnostics, Basel, Switzerland) was applied to conduct qRT-PCR. The nucleotide primer sequences are as follows: the forward primer for ITGA2 is 5′-TCCAGATGAGATTGATGAGACCAC-3′; the reverse primer for ITGA2 is 5′-AATCCATTCACGCAAACAGCA-3′; the forward primer for GAPDH is 5′-CTCACCGGATGCACCAATGTT-3′; and the reverse primer for GAPDH is 5′-CGCGTTGCTCACAATGTTCAT-3′.



Immunofluorescence

SW-1088 glioma cell lines were fixed in methanol (Xilong Scientific, China), then permeabilized with 0.1% tween-20 (Solarbio, T8220, China), and blocked with 5% goat serum for 40 min. We stained SW-1088 cell using rabbit anti-ITGA2 (ITGA2, 1:200, 24552-1-AP, Proteintech, China). Then, we incubated it with AffiniPure Alpaca Anti-Rabbit IgG (H+L) antibody (1:200, min X Bov, Hu, Ms Sr Prot, Jackson ImmunoResearch, Japan), and the nucleus was stained by DAPI. The cells were measured by confocal laser scanning microscopy (Nikon, C2si/C2, Japan).



Cell Proliferation Experiment

We designed the siRNA (http://biodev.extra.cea.fr/DSIR/DSIR.html) that target ITGA2 mRNA, transfected it into the SW1088 cell line using Lipofectamine™ 3000 Transfection Reagent (Thermo Fisher, L3000075, USA), and then incubated it in an incubator with 5% CO2 at 37°C. After transfection for 24 h, the SW1088 cell line was planted in a 96-well plate with a density of 2,000 cells/per well; 10 ul of CCK8 (Beyotime, C0037, China) was added to each well at 1, 2, and 3 days respectively, and the optical density value was measured at 450 nm after 2 h. The nucleotide siRNA sequence is 5′- GGAAGAGUCUACCUGUUUACU-3′ (sense strand).



Cell Transwell Invasion Assays

Invasion analysis was performed using a Corning Transwell chamber and membrane with a pore size of 8 µM (Corning, 3524, USA). The chambers were coated with 500 ug/ml Matrigel (Corning, 356234 USA), spread with 30,000 cells on each chamber, and cultured with serum-free medium. Then, medium with 10% fetal bovine serum and 1% antibiotic/antimycotic was filled in the lower chamber of the transwell, and the 24-well plate was incubated in an incubator for 24 h. Next, we wiped the non-invasive cells on the surface of the chambers with a cotton swab, fixed the invasive cells with 4% paraformaldehyde (Solarbio, P1110, China) for 30 min, and dye them with Crystal Violet stain (Solarbio, G1075, China). Leica Microsystems D-35578 microscope was used to take the images of the invasion cells. The experiments were performed in duplicate.



Statistical Analysis

The Kaplan–Meier method and two-sided log-rank test were employed to contrast the clinical outcomes between LGG subgroups with low and high ITGA2 expressions. The Kaplan–Meier method was adopted to execute survival analyses, which were compared with the log-rank test. The Student’s t-test or chi-square test was utilized to determine the differential expression of ITGA2 between different subgroups by clinical features, and these tests were also performed to probe the expression of various immune checkpoint genes in different subgroups (grouped by ITGA2 expression). A correlation analysis was implemented to confirm the relationship between ITGA2 expression and several immune checkpoint genes. On account of nonlinear dimensionality reduction, t-distributed stochastic neighbor embedding (tSNE) single-cell profiling was implemented by using the R package “Rtsne”. All statistical analyses were conducted by SPSS Statistics, version 25 (https://www.ibm.com/products/software; IBM, USA) and R programming, version 3.6.1 (https://www.r-project.org/). P-values less than.05 were considered as statistically significant.




Results


Clinical Relevance of ITGA2 in Patients With LGG

We screened out 407 patients with LGG in the TCGA cohort and 420 and 171 patients with LGG in the CGGAseq1 and CGGAseq2 cohorts, respectively. The related clinical information of selected patients with LGG are shown in Supplementary Table S1. A heat map displays the associations between ITGA2 expression and clinicopathological features in the TCGA dataset (Figure 1A). We then divided patients with LGG into subgroups of high and low ITGA2 expression in view of the median value of ITGA2 expression in the three independent cohorts and analyzed the relationship between ITGA2 expression and clinical information, including 1p/19q status, WHO grade, age, IDH status, MGMT status, and gender, in the three datasets. The results showed that the clinical characteristics had robust statistical differences, except for age and gender in the TCGA cohort (Figure 1B), and similar results were also observed in the CGGA cohorts (Supplementary Figure S1). These results suggested that the level of ITGA2 expression can influence the clinical characteristics of patients with LGG to some extent. Furthermore, we conducted a prognostic survival study on account of ITGA2 gene expression in the TCGA cohort and the CGGA cohorts (CGGAseq1 and CGGAseq2). The three independent cohorts displayed significant differences in survival outcomes (P <.001, Figure 1C), and the Kaplan–Meier survival curves suggested a consistent trend that patients with LGG had poor outcomes, usually accompanied with a high ITGA2 expression. These preliminarily data show that ITGA2 should be studied in more detail in patients with LGG.




Figure 1 | Clinical relevance of integrin alpha-2 (ITGA2) in patients with lower-grade glioma. (A) Relationship between ITGA2 expression profiles and clinical features of gliomas. (B) Variance analysis of ITGA2 expression in various clinical traits [gender, age, grade, IDH, 1p/19q, and O(6)-methylguanine-DNA methyltransferase] in The Cancer Genome Atlas (TCGA) cohort. (C) Prognostic analysis of different ITGA2 groups in a cohort from TCGA and two cohorts from the Chinese Glioma Genome Atlas, CGGAseq1 and CGGAseq2.





Verification of the Prognostic Value of ITGA2 in Three Cohorts

We also performed a Kaplan–Meier analysis in each LGG subgroup, divided by clinical features, and the results indicated that the OS of the subgroup with low ITGA2 expression was always higher than the subgroup with high ITGA2 expression (Figure 2A). Similar results were obtained in the CGGAseq1 (n = 420) and CGGAseq2 (n = 171) cohorts (Supplementary Figure S2). Furthermore, we used the time-dependent ROC curves to analyze the accuracy of the prognostic model of patients with LGG in the TCGA, CGGAseq1, and CGGAseq2 datasets. As shown in Figure 2, the prognostic model of the TCGA cohort had outstanding accuracy with regard to 1-, 3-, and 5-year OS. The AUCs were 0.779, 0.785, and 0.681, respectively (Figure 2B). In addition, the AUCs of the prognostic model for 1-, 3-, and 5-year OS were 0.533, 0.610, and 0.658, respectively, in the CGGAseq1 dataset, and they were 0.755, 0.679, and 0.728, respectively, in the CGGAseq2 dataset (Figure 2B). These reliable results strongly displayed that ITGA2 could be a robust prognostic and predictive biomarker for patients with LGG.




Figure 2 | Verification of the prognostic value of integrin alpha-2 in three cohorts. (A) Kaplan–Meier overall survival curves of patients with lower-grade glioma grouped by integrin alpha-2 expression in The Cancer Genome Atlas (TCGA) dataset and stratified by World Health Organization grade, age, and O(6)-methylguanine-DNA methyltransferase status. (B) Time-dependent receiver operating characteristic curves for the prognostic model in a cohort from TCGA and two cohorts from the Chinese Glioma Genome Atlas, CGGAseq1 and CGGAseq2 (for predicting 1-, 3-, and 5-year overall survival).





ITGA2 Is a Risk Factor in LGGs and In Vitro Experiments of ITGA2

Firstly, the tSNE single-cell profiling demonstrated that ITGA2 was more expressed in neoplastic cell than in other cell types, including immune cell, OPC, oligodendrocyte cell, astrocyte cell, vascular cell, and neuron cell (Figure 3A). Then, we detected the protein expression and mRNA expression in three LGG cell lines (SW1088, SW1783, and BT142) and in an NHA cell line (Figures 3B, C), which showed that ITGA2 expression was high in LGG cell lines compared with the NHA line. In addition, we collected LGG tissues and para-cancerous tissues from six patients in the Second Affiliated Hospital of Nanchang University. Compared with the matched para-cancerous tissue, ITGA2 proteins were overexpressed in LGG tissues, and the ITGA2 protein levels were also measured by ImageJ software (Figure 3D). We found that the knockdown of ITGA2 did not induce any statistically meaningful change in SW-1088 cell proliferation (Figure 3E). However, it reduced the invasion ability of SW-1088 cell. The number of invasion cells was qualified by Image J software (Figure 3F). The verification that ITGA2 was knocked down by siRNA at the protein level is shown in Supplementary Figure S4. Lastly, ITGA2 protein expressions were revealed by immunofluorescence staining. It was found that ITGA2 was mainly located in the cytoplasm and cell membrane (Figure 3G). These results demonstrated that ITGA2 was a risk factor in LGGs.




Figure 3 | Verification of the high expression of integrin alpha-2 (ITGA2) in lower-grade gliomas (LGGs) and immunofluorescence of ITGA2. (A) Expression abundance of ITGA2 gene in different color-labeled cell types. (B) Western blot (WB) and (C) quantitative real-time polymerase chain reaction analysis of ITGA2 expression in LGG cell lines and normal glial cells (NHA). WB was repeated in three independent experiments. (D) Western blot analysis of ITGA2 expression in six paired LGG tissues and the match para-carcinoma tissue of the same patient. The ITGA2 protein expression levels were quantified by ImageJ software. WB was repeated in three independent experiments. (E) The effect of ITGA2 knockdown on SW1088 cell proliferation. Paired t-test was used to analyze. [ns (nonsense)] (F) The trans-well assays of SW1088 cell line under the knockdown of the ITGA2. The quantitative analysis of the transwell invasion assays performed by Image J Paired t-test was used to analyze. (G) SW-1088 cells were treated with the rabbit anti-ITGA2 (green) at 4°C overnight, and nucleus stained by DAPI. The protein plots were cut by the original bands.





Enrichment Analysis of ITGA2-Related Genes

To explore the impact of ITGA2 on the prognosis of LGGs in more detail, we made a differential expression analysis of all genes according to the ITGA2 expression, and we screened out the 2,486 DEGs [|log2 (fold change) | >1 and P <.05]. These DEGs were mainly used for GO-BP and KEGG analyses. The GO-BP study indicated that these DEGs enriched in co-translational protein biomarkers to membrane pathways, viral gene expression, and neutrophil activation involved in the immune response process, oxidative phosphorylation, and more (Figure 4A). The KEGG pathway research manifested that these DEGs were related to coronavirus disease of 2019, the severe acute respiratory syndrome coronavirus that has spread across the world (26) and associated with regulation of the actin cytoskeleton, proteoglycans in cancer, hypoxia-inducible factor 1 signaling pathway, and cell adhesion molecules (Figure 4B). The GSEA analysis indicated that tumor hallmarks were enriched in high ITGA2 expression subgroup, such as the ensheathment of neurons pathway, regulation of lamellipodium organization pathway, tissue regeneration pathway, cortical actin cytoskeleton organization pathway, glial cell development pathway, and fucose metabolic process pathway (Figure 4C). These data may offer some clues that could find the potential mechanisms of ITGA2 in LGG.




Figure 4 | Enrichment analysis of integrin alpha-2-related genes. Functional analysis of 2,486 differentially expressed genes between the low- and high-expression groups. (A) Gene Ontology analysis of biological processes. (B) Kyoto Encyclopedia of Genes and Genomes pathway analysis. (C) Gene Set Enrichment Analysis.





ITGA2 as an Independent Prognostic Factor in Patients With LGG

We applied univariate and multivariate Cox regression analyses to estimate whether ITGA2 could be an independent prognostic factor in the training set and validating sets. Univariate Cox regression analysis indicated that ITGA2 was meaningfully correlated with clinical prognosis in patients with LGG in the TCGA cohort (hazard ratio, 2.2268; 95% CI, 1.7136–2.8936; P <.001; Supplementary Table S2). The multivariate Cox regression analysis then revealed that ITGA2 is an independent and powerful prognostic factor in TCGA datasets (hazard ratio, 2.0269; 95% CI, 1.1782–3.4871; P <.05; Supplementary Table S2). Similar results were obtained from the CGGA datasets (Supplementary Table S2). These results suggest that ITGA2 can be used as an independent clinical prognostic factor to predict OS for patients with LGG depending on the outcomes of the multivariate Cox regression analysis.



Construction and Confirmation Clinical Nomogram in Patients With LGG

To produce a clinically usable and quantitative tool to predict the 1-, 3-, and 5-year OS of patients with LGG, we created a nomogram model using the ITGA2 expression and the WHO grade along with the outcomes of the multivariate Cox regression analysis (Figure 5A). The total points in the nomogram model forecast the 1-, 3-, and 5-year OS for patients with LGG. Then, we performed calibration curves to estimate the predictive ability of the nomogram model, and DCA was used to judge the net benefit for patients with LGG. The calibration curves of the nomogram model had a significant prediction accuracy for forecasting the 1-, 3-, and 5-year OS in the TCGA dataset (Figure 5B). The C-index reflects the predictive power of the nomogram between the TCGA dataset and the CGGA datasets; the results displayed a steady and powerful predictive power (Figures 5C, D). The C-index for the TCGA dataset was 0.804; for the CGGAseq1 dataset, 0.716; and for the CGGAseq2 dataset, 0.794. The DCA curves revealed that the clinical nomogram had robust accuracy for 1-, 3-, and 5-year OS compared with the other predictors in the TCGA cohort. In addition, the net benefit of the nomogram model was usually better than that of other predictors at various thresholds (Figures 5E–G). These powerful results prove that the nomogram model is accurate for use in patients with LGG, so this model may help identify high-risk patients in the future.




Figure 5 | Construction and confirmation clinical nomogram in patients with lower-grade glioma. (A) The Cancer Genome Atlas (TCGA) nomogram model of clinical features, including IDH status, 1p19q status, grade, and integrin alpha-2 expression. (B) TCGA calibration plots of the nomogram. (C, D) The validation of the TCGA nomogram in Chinese Glioma Genome Atlas CGGAseq1 and CGGAseq2. (E–G) The validation of Decision Curves Analysis (DCA) in TCGA cohort. (for estimating 1, 3, and 5-year OS).





The Correlation Analysis of Immune Infiltration

To explore the relationship between immune infiltration and ITGA2 expression, we carried out the ssGSEA algorithm to quantify the enrichment of the 29 immune-associated signatures. Compared with the low-ITGA2-expression group, we found that the fraction of most immune-related signatures in the high-ITGA2-expression group was relatively higher (P < 0.05, Figure 6A). In addition, most of the immune features, such as presence of major histocompatibility class I, type I interferon response, and human leukocyte antigen status, were positively correlated with ITGA2 expression. The relevant abundance of the most of infiltrating immune cells increased as ITGA2 expression increased in the TCGA datasets (Figure 6B). Next, using the estimate algorithm to acquire the immune scores and stromal scores of patients with LGG, we implemented a differential analysis between the immune-related scores and ITGA2 expression. The results elucidated that ITGA2 was markedly correlated with immune infiltration: the immune-related scores were significantly different (P <.001) between the low- and high-ITGA2-expression subgroups (Figure 6C). These results indicated that ITGA2 is an immune gene that may have a certain impact on the prognosis of LGG.




Figure 6 | The correlation analysis of immune infiltration. (A) The differences of immune-related cells between low-expression integrin alpha-2 (ITGA2) and high-expression ITGA2 groups. (B) Heat map demonstrating the correlation between the expression of the ITGA2 genes and immune infiltration. (C) Correlation analysis between the expression of the ITGA2 gene and immune-related score (immune score, stromal score, and estimate score). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. ns (nonsense)





Analysis of the Correlation Between Immune Checkpoint and ITGA2 Expression Level

To detect the expression differences of various immune checkpoints between the subgroups with high and low ITGA2 expression in patients with LGG, we performed a differential study in the TCGA cohort. The result showed that most of the immune checkpoints, except the cluster of differentiation 163 and lymphocyte-activation-gene-3, differed significantly between the two subgroups (Figure 7A). To better understand the internal relationship between ITGA2 and known immune checkpoints, a correlation analysis was performed between ITGA2 and immune checkpoint expression in the TCGA cohort; we found that ITGA2 was prominently correlated with C-C motif ligand 2, programmed cell death 1 ligand 1 (PD-L1), cluster of differentiation 276, interleukin 1 A, programmed death 1 (PD1), cytotoxic lymphocyte antigen 4 (CTLA4), programmed cell death 1 ligand 2, and transforming growth factor beta 1 (Figure 7B). However, the correlation is insufficient, and the mechanism of ITGA2 at the immunosuppressive point still needs to be further explored.




Figure 7 | The correlation profiling of immune checkpoints. (A) Differential analysis of several immune checkpoint expression levels between high- and low-integrin alpha-2 (ITGA2) expression levels. (B) Correlation analysis between ITGA2 and eight selected immune checkpoint expression levels. **p < 0.01, ***p < 0.001, and ****p < 0.0001. ns (nonsense).





The Prediction of Clinical Immune Response Patients With Gliomas

More independent cohorts ought to take for reverification the validated prognostic value of ITGA2. Therefore, we took the anti-PDL1 (IMvigor210) cohort for further validating the prognostic value of ITGA2. The anti-PD-L1 clinical response was grouped in progressive disease (PD), stable disease (SD), partial response (PR), and complete response (CR). Compared with the high-ITGA2 group, the prominent intensity of treatment and anti-PD-L1 immunotherapy response of the low-ITGA2 group were also validated (Figures 8A–C). The Kaplan–Meier survival curves suggested a consistent trend that patients with high ITGA2 expression level had poor outcomes (Figure 8A). We discovered that ITGA2 had significant differences between the CR and PD groups (P <.05, Figure 8B). ITGA2 had also meaningful differences between the CR/PR and SD/PD groups (P <.05, Figure 8C). In the anti-PD-L1 cohort, the proportions of CR, PR, SD, and PD were 10.11, 16.85, 21.35, and 51.69% in the low-ITGA2 group and 5.83, 10.83, 20.83, and 62.50% in the high-ITGA2 group, respectively. The proportions of CR/PR and SD/PD were 73.03 and 26.97% in the low-ITGA2 group and 83.33 and 16.67% in the high-ITGA2 group, respectively. The proportions of high ITGA2 expression in the CR, PR, SD, and PD groups were 28.00, 30.23, 28.00, and 44.91%, and the proportions of low ITGA2 expression in the CR, PR, SD, and PD groups were 72.00, 69.77, 30.32, and 55.09%, respectively (Figure 8D). In addition, we also took the GSE78220 cohort and the GSE91061 cohort to predict the prognosis of ITGA2 in melanoma (Supplementary Figure S3). Due to the small sample size in the GSE78220 cohort, its results were not significant (Supplementary Figure S3A). In the GSE91061 cohort, the patients with high ITGA2 expression level have a poor outcome (Supplementary Figure S3B). Although the proportion analysis was not meaningless, the data were still different (Supplementary Figure S3B).




Figure 8 | The statistics analysis of ITGA2 in the anti-PD-L1 (IMvigor210) cohort. (A) Kaplan–Meier overall survival (OS) curves of patients regarding the response of anti-PD-L1 (IMvigor210) cohort grouped by integrin alpha-2 (ITGA2) expression. (B) The variance analysis of ITGA2 in the distinct anti-PD-L1 clinical response groups. (C) The variance analysis of ITGA2 in the binary response. (D) The proportion analysis between ITGA2 subgroups and the distinct anti-PD-L1 clinical response groups. Chi-square test was used for data analysis. (E) The correlation analysis between ITGA2 expression level and the abundance of T cell exclusion. (F) The variance analysis of the TAM M2, MDSC, and CAF cells in the low- and high-ITGA2 groups. (G) The variance analysis of ITGA2 in the clinical responses and the variance analysis between ITGA2 subgroups and TIED score. The proportion analysis between clinical response groups and ITGA2 subgroups. Chi-square test was used for data analysis.



Based on the TCGA database, we also performed TIDE algorithm to reflect the different responses of patients to immunotherapy. In the previous study, the abundance of cancer-associated fibroblasts cells (CAFs), myeloid-derived suppressor cells (MDSCs), and the M2 subtype of tumor-associated macrophages (TAMs) can reflect the degree of T cell exclusion (24). Firstly, ITGA2 was positively interrelated to the T cell exclusion score (Figure 8E). Meanwhile, CAFs, MDSCs, and TAMs were also significantly different in the low- and high-ITGA2 groups (Figure 8F). Additionally, the results suggested that the higher TIDE score was accompanied by a negative clinical immune response, and the patients with low ITGA2 expression level had a more excellent clinical response than the high-ITGA2 group (Figure 8G). The proportions of response (R) and no-response (NR) were 31.03 and 68.97% in the low-ITGA2 group and 23.15 and 76.85% in the high-ITGA2 group, respectively. The proportions of low ITGA2 expression in the R and NR groups were 57.27 and 47.30%, and the proportions of high ITGA2 expression in the R and NR groups were 42.73 and 52.70%, respectively. These results indicate that LGG was realized as immune escape by preventing T cell infiltration, and the patients with low ITGA2 expression have a considerable immunotherapeutic response, which may be related to tumorigenesis and benefit by immunotherapies (27).




Discussion

We studied 998 glioma samples from TCGA and CGGA cohorts to validate ITGA2 as a novel biomarker for LGG in both cohorts. The treatment of glioma demands on a multidisciplinary method, including neuroimaging, surgery, neuropathology, radiotherapy, chemotherapy, and supportive therapy (28). Clinical data from LGG patients are rare because of the low incidence rate, high mortality rate, and heterogeneity of multiple tumor subtypes (29). Therefore, traditional treatment is not always successful for patients with glioma, so it is urgent and pivotal to search for new molecular biomarkers to improve the prognostic outcome of patients with glioma. We undertook a series of systematic analyses to verify the prognostic value of ITGA2. First, we conducted a prognostic survival analysis and a relevant analysis of clinical and molecular characteristics for patients with LGG from three datasets. The patients with LGG with a higher ITGA2 expression had a worse prognostic clinical outcome compared with patients in the low-expression group. Next, ROC curves were used to judge the predictive power of the prognostic robustness in patients with LGG.

We then performed GO analysis, KEGG analysis, and GSEA. We found that the cancer-related indicators were more enriched in the LGG subgroup with high ITGA2 expression compared with the subgroup of low expression. Univariate and multivariate Cox regression analyses were used to prove the independent prognostic role of ITGA2 in LGG. In addition, we set up a nomogram model to forecast the prognosis outcome for patients with LGG depending on the outcomes of the multivariate Cox regression analysis; this model was validated by calibration curves and DCA. DCA is a novel statistical method that graphically describes the net benefit for patients at various thresholds. DCA was used to evaluate whether the nomogram model had utility in supporting clinical decisions and to determine which factors led to the best decisions. Therefore, DCA was an essential validation tool for clinical usefulness (30). Using the nomogram model, a neurosurgeon can better forecast the outcome of patients with LGG. To better comprehend the internal connections between immune infiltration and ITGA2 expression, we analyzed the levels of the immune score, stromal score, and estimate score between subgroups with low and high ITGA2 expression. The results suggest that ITGA2 is clearly related to immune cell infiltration. Finally, RT-qPCR and western blot were utilized to detect ITGA2 protein expression and mRNA expression in all three LGG cell lines (SW1088, SW1783, and Bt142) and in the NHA cell line; the results indicate that ITGA2 was expressed more in LGG.

The advantages of this study included the analysis of comprehensive clinical data from 999 LGG patients and IMvigor210 (n = 298) cohort. The construct of a nomogram model was validated in two external, independent LGG cohorts. The ITGA2-related signature has a strong and steady prognostic value, so it may be successful for clinical application. This study provides a powerful clue about predicting the prognosis and diagnosis of LGG patients. Nevertheless, the study has some limitations. More independent LGG cohorts ought to be taken for reverification of the validated prognostic value of ITGA2. For an expanded clinical application, the mechanism explaining the role that ITGA2 plays in affecting tumorigenesis and LGG development, specifically, must be determined. In addition, experimental studies, in vitro and in vivo, should be accomplished to explore the correlation between ITGA2-related signatures and outcome in patients with LGG.

It is now clear that TME contains not only cancer cells but also immune cells, stromal cells, endothelial cells, and cancer-related fibroblasts (31). After TME is formed, numerous immune cells can chemotax to there (32). Immunocytes may also produce a certain effect on tumors in a subtle way. TME has progressively been shown to indicate abnormal tissue function and to play a vital role in the subsequent progress of malignancies (33). In the recent years, immunotherapy has become a new research hotspot that can stimulate the actions of some immune cells in the TME to engender unknown effects on tumors. In addition, immune checkpoints block (ICB) treatment has become a new method to treat all kinds of cancers (34), especially the study of CTLA-4 and PD-1/PD-L1 molecules. In previous studies, some experts have already investigated a new mechanism by which ITGA2 plays a key role in regulating cancer immune response (35). Besides this, clinical studies have been carried out in lung cancer, prostate cancer, colorectal cancer, and melanoma treatment by ICB (36). It brings new challenges to the immunotherapy of gliomas. We found that ITGA2 may be interrelated to the immune response mechanism of cancer cells and was interrelated with TME. The proportion of immune cell infiltration in LGG was significantly correlated with clinical outcome. These details suggested that targeting ITGA2 may be an effective approach to improve the curative effect of cancer checkpoint immunotherapy. The results may offer some ideas for future research, concentrating on the mechanism of immune response processes.

It is reported that the abnormal expression of ITGA2 is involved in many cancers. One study indicates that a higher ITGA2 protein level was detected in breast cancers and that an increased expression of ITGA2 was positively bound up with increased metastatic ability in breast cancer (35). Another study showed that ITGA2 was highly expressed and may have had an extensive impact on colon cancer through interacting with transcription factors (37). In contrast to the expression in normal tissues, experts found that the mRNA expression of ITGA2 in gastric cancer was obviously increased. These results verified that targeting ITGA2 with antibodies not only inhibited cell migration but also induced an effect of apoptosis on gastric cancer cells (38). In contrast to normal glial cells, we also discovered that ITGA2 was notably upregulated in human LGG tumor cell lines. Growing evidence indicates that ITGA2 participates in the process of cancer pathogenesis and development. Therefore, we predict that ITGA2 may exert an influence on apoptosis, proliferation, and invasion in LGG. The existing standard treatments for LGG have limited effectiveness because of the aggressiveness of LGG and its resistance to chemotherapy. Thus, the discovery of a novel biomarker for patients with LGG is urgently needed. Comprehensive and systematic analyses revealed that ITGA2 may be a potential prognostic and predictive biomarker for LGG, which can bring new insights into targeted therapy. Moreover, ITGA2 was connected to immune infiltration; these data can provide researchers with new ideas about immunity in relation to the prognosis and diagnosis of patients with LGG. In conclusion, targeting ITGA2 may be a prospective immunotherapy to enhance the survival outcomes of patients with LGG.



Conclusion

We suggested that ITGA2 can be a prognostic and predictive biomarker for patients with LGG. This study offered some ideas for future research, concentrating on the mechanism of glioma progression.
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Background

Checkpoint blockade therapies targeting programmed death ligand 1 (PD-L1) and its receptor programmed cell death 1 promote T cell-mediated immune surveillance against tumors and have been associated with significant clinical benefit in cancer patients. The long-stranded non-coding RNA HOTAIR is highly expressed and associated with metastasis in a variety of cancer types and promotes tumor metastasis at least in part through association with the PRC2 complex that induces redirection to hundreds of genes involved in tumor metastasis. Here, we report that HOTAIR is an activator lncRNA of the NF-κB pathway and demonstrate that its apparent upregulation promotes inflammatory signaling and immune escape in glioma cells.



Methods

Bioinformatics analysis was used to elucidate the relationship between HOTAIR and NF-κB pathway in HOTAIR knockdown glioma cells. At the cytological level, protein hybridization and immunofluorescence were used to detect the response of proteins in the NF-κB signaling pathway to HOTAIR regulation. ChIP and ChIRP experiments identified HOTAIR target genes. Animal experiments verified alterations in inflammation and immune escape following HOTAIR knockdown and activity inhibition.



Results

HOTAIR activated the expression of proteins involved in NF-κB, TNFα, MAPK and other inflammatory signaling pathways. In addition, HOTAIR induced various proteins containing protein kinase structural domains and promoted the enrichment of proteins and complexes of important inflammatory signaling pathways, such as the TNFα/NF-κB signaling protein complex, the IκB kinase complex, and the IKKA-IKKB complex. In addition, HOTAIR aberrantly activated biological processes involved in glioma immune responses, T-cell co-stimulation and transcription initiation by RNA polymerase II. HOTAIR facilitated the induction of IκBα phosphorylation by suppressing the expression of the NF-κB upstream protein UBXN1, promoting NF-κB phosphorylation and nuclear translocation. In vivo, reduction of HOTAIR decreased PD-L1 protein expression, indicating that cells are more likely to be targeted by immune T cells.



Conclusion

In conclusion, our results provide convincing evidence that lncRNA HOTAIR drives aberrant gene transcription and immune escape from tumor cells through the NF-κB pathway.





Keywords: HOTAIR, chromatin structure, NF-κB activation, immunoescape, inflammatory signaling pathway



Introduction

The role of the immune system in carcinogenesis remains unclear. Checkpoints are negatively regulated pathways in the immune regulatory system and the malignant evolution of tumors effectively suppresses the immune response by activating the expression of checkpoints that enable them to actively evade detection. Of the many checkpoint proteins, cytotoxic T lymphocyte protein 4 (CTLA4) and programmed cell death protein 1 (PD-1) have been the most studied. PD-1 is a cytokine receptor on the surface of T cells that is expressed on the surface of activated T cells and is capable of binding to two ligands, PD-L1 or PD-L2. Many cell types express PD-L1, including tumor cells and immune cells regulated by cytokines such as interferon (IFN)-γ. The binding of PD-1 to PD-L1 or PD-L2 impairs T-cell activity (1). In a study of brain tumor samples from 284 clinical glioma cases, Han et al. found that the ratio of CD4(+) tumor-infiltrating lymphocytes to CD8(+) tumor-infiltrating lymphocytes was inversely correlated with overall survival and that high expression of the transcription factor FoxP3 by regulatory T cells could be found in high-grade gliomas, whereas it was not observed in low-grade gliomas (2). In addition, tumor shrinkage was evident in high-grade gliomas after treatment with nivolumab, suggesting that, similar to other solid tumors, immunotherapy could be applied to the treatment of gliomas (3).

HOX antisense intergenic RNA (HOTAIR), originally identified by Rinn et al. in 2007, is an lncRNA that is overexpressed in a variety of human cancers (4). It located in the HOXC cluster on chromosome 12, and regulates the HOXD gene cluster on chromosome 2 (5). HOTAIR silences the transcription of genes located in distant chromosomal regions at the epigenetic level by interacting with the polycomb protein complex 2 (PRC2). This interaction allows the Zeste 2 enhancer (EZH2) to occupy specific gene themes, such as the HOXD theme and undergo H3K27me3 (trimethylation of histone H3 lysine K27) modification, leading to gene repression (6, 7). Other interchromosomal targets of HOTAIR include cancer-related genes such as pro-calmodulin (PCDH), hepatic ligand protein receptor (EPHA1) and NF-κB inhibitory protein IκBα (5, 8). Although epigenetic processes have been reported to have a key role in immunosuppression, including aberrant histone methylation induced by EZH2 (9–12), the direct role of HOTAIR in immunosuppression has not been investigated. However, enhanced HOTAIR activation has been observed in solid tumors, including mesenchymal glioma (13–15). Furthermore, according to the TCGA transcriptional classification scheme, PD-L1 appears to be expressed more in the mesenchymal subtype and may contribute as a potential marker for the mesenchymal subtype of glioblastoma (16), suggesting a potential interaction between PD-L1-dependent immunosuppression and HOTAIR.

As a widely expressed transcription factor with a rapid response, NF-κB regulates the cellular immune response and inflammatory signaling pathway under cytokine stimulation, and its downstream regulatory genes include a variety of immune-related cytokines. Following these stimuli, NF-κB inhibitor α (IκBα), which is coupled to NF-κB, is phosphorylated and then degraded by proteases. NF-κB is thus released and translocated to the nucleus, where it activates the expression of target genes. The underlying inflammation due to the presence of a tumor leads to aberrant NF-κB activation and promotes cancer invasion and metastasis, and such a phenomenon has been observed in many tumor types, including lung cancer, breast cancer, and glioma (17–19). In previous studies (20), ubiquitin regulatory X (UBX) domain-containing protein UBXN1 interacts with inhibitor of apoptosis proteins (cIAPs), the E3 ubiquitin ligase of RIP1 in the TNFα receptor complex, blocks cIAP1 recruitment to TNFα receptor 1 (TNFR1) and sequentially inhibits RIP1 polyubiquitin chain modifications. This is important for the recruitment of TGFβ-activated kinase 1 (TAK1) and TAK1-binding protein 2/3 (TAB2/3) heterodimeric complexes and IKK heterodimeric complexes. Activated TAK1 phosphorylates and activates IKKβ, which phosphorylates IκBα and leads to its degradation and NF-κB nuclear translocation (21, 22)

In our ongoing efforts to understand the biological and pathological role of lncRNA, a previous sequencing analysis of HOTAIR-related proteome and clinical samples determined that HOTAIR activates a variety of proteins containing protein kinase domains and promotes the enrichment of important inflammatory signaling pathway proteins and their complexes, such as the TNFα/NF-κB signaling protein complex, I-kappaB kinase complex, and IKKα-IKKβ complex. Moreover, HOTAIR upregulates the expression of several inflammatory signaling proteins, such as TNFα, and MAPK. An analysis of clinical samples found abnormal HOTAIR expression in stromal glioblastoma, which was correlated with the malignancy degree of the glioma. HOTAIR abnormally activated biological processes involved in the immune response, T cell synergistic stimulation, and RNA polymerase II transcription initiation in glioma. Simultaneously, HOTAIR was highly positively correlated with the tumor immune escape related protein PD-L1; furthermore, it was negatively correlated with the expression of NFκB repressing factor (NKRF), Protein Kinase C Theta (PRKCQ) and ubiquitin-associated and ubiquitin regulatory X domain-containing protein 1 (UBXN1), which are repressors of the NF-κB signaling pathway. Therefore, we concluded that HOTAIR might regulate the gene transcription of key repressors of the NF-κB activation pathway through epigenetic modulation, thereby participating in the immune escape biological process in glioma cells.



Materials and Methods


Cell Lines and Culture Conditions

The human epithelial glioma cell line U87 MG was obtained from the American Type Culture Collection (ATCC, Manassas, VA, USA) in May 2015. Its short tandem repeat (STR) profile is presented on the ATCC website (https://www.atcc.org/products/all/HTB-14.aspx#specifications); furthermore, we performed a reauthentication by STR analysis in June 2017. The primary cell line TBD was derived from a GBM patient with recurrent lesions undergoing surgery at the Hebei University Affiliated Hospital according to a protocol reported by Dong et al. (23). After the three cell lines were obtained, they were immediately proliferated, amplified, and frozen in liquid nitrogen. All cells used in subsequent experiments were recovered from these cryopreserved cell lines. The U87 MG and TBD cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM) containing 10% fetal bovine serum (FBS). The U87 cells were cultured in DMEM/F12 supplemented with 10% FBS. All cells were proliferated at 37°C in a humidified atmosphere of 5% CO2. All glioma cells with the exception of in vivo cultures were maintained for less than eight passages. Cells in the logarithmic growth phase or at 80% confluence were used for subsequent experiments.



Cell Culture and Labeling

To profile protein expression in response to HOTAIR knockdown, U87 cells transfected with lentivirus-siRNA of HOTAIR (siHOTAIR-U87) or a negative control (siNC-U87) were labeled with the SILAC Protein Quantitation Kit (Invitrogen, Carlsbad, CA) according to manufacturer’s instructions. siHOTAIR-U87 cells and siNC-U87 cells were cultured separately in DMEM supplemented with 10% FBS and either the light isotopic forms of [U-12C6]-L-lysine and  -L-arginine or the heavy isotopic forms of [U-13C6]-L-lysine and  -L-arginine. After six passages, the heavy labeling efficiency of [U-13C6]-L-lysine and  -L-arginine in control cells was evaluated by mass spectrometry to confirm a greater than 99% labeling efficiency. Then, cells were continuously expanded in SILAC medium until reaching the desired confluence. Finally, cells from both the heavy- or light-labeled pool were harvested separately and combined in equal amounts.

Nondenatured protein lysates were obtained from the harvested cells and were centrifuged to collect protein precipitates. The collected fractions were combined, vacuum-dried, and analyzed by high-performance liquid chromatography with tandem mass spectrometry (HPLC-MS/MS).



Proteomic and Transcriptome Profiling

Based on the SILAC labeling-based proteomics, we comparatively quantified the host proteome of siHOTAIR-U87 and siNC-U87 cells. We analyzed the quantifiable proteome dataset for three enrichment gene ontology (GO) categories: Biological Process, Protein Complex, and Protein Domains. Pathway clustering was conducted using the KEGG. Fisher’s exact/chi-squared tests and false discovery rates (FDRs) were used to determine significance, denoted by the P-value between the GO term and the pathway correlated to the experimental conditions. Lower FDRs indicated smaller errors in the determination of the P-value.

Triplicate RNA samples from four sets of U87 cells transfected with lenti-HOTAIR or lenti-NC for 48 h were randomly selected for RNA-sequencing. For mRNA network analysis, biological process (BP) analysis through gene ontology and pathway clustering through KEGG were performed. Furthermore, two large cohorts were used for gene ontology and correlation analysis: the Chinese Glioma Genome Atlas cohort (CGGA, http://www.cgcg.org.cn/, n=301) and The Cancer Genome Atlas cohort (TCGA, https://tcga-data.nci.nih.gov/docs/publications/gbm_2013/, including the transcriptome of 164 RNA samples profiled by RNA-seq).



RNA Extraction and RT-PCR

Total RNA was isolated from cells using the TRIzol reagent (Invitrogen). Next, 1 μg total RNA was reverse transcribed into cDNA using the GoScript™ reverse transcription system (Promega, USA) according to the manufacturer’s instructions. Analyses were performed utilizing PowerUp™ SYBR™ Green on a ABI QuantStudio 5 real-time fluorescence detection PCR system. The expression levels of specific genes are reported as ratios to GAPDH expression in the same master reaction. The primers used for real-time RT-PCR are listed in the Supplementary Table 1.



Luciferase Reporter Assays

Dual-luciferase assays were performed 48 h post-transfection following the manufacturer’s protocol (Dual-Luciferase Reporter Assay System, Promega, USA), and expression was detected with a microplate reader (Synergy2, BioTek, USA). All cell lines were transfected with 0.1 µg of the luciferase reporter p-NF-κB-Luc plus 0.01 µg of the Renilla reporter pRL-TK. After AQB treatment for 48 h, the transfected cells were collected. The luciferase assays were performed using a dual-specific luciferase assay kit (Promega, USA).



T Lymphocyte Purification and Flow Cytometry

Female C57BL/6 mice (8-10 weeks old) with GL261-induced tumor xenografts were treated parenterally with DMSO or AQB and were used for T lymphocyte purification and flow cytometry. The lymph nodes were removed aseptically, minced, and suspended in RPMI 1640 medium. Single cell suspensions were prepared via filtration through a sterile sieve mesh. Blood was collected from the eyeballs of C57BL/6 mice, and heparin was added for anticoagulation. Erythrocytes were lysed with a red blood cell lysis buffer, and the cells were washed twice with cold PBS supplemented with 2% FBS. After washing, T lymphocytes harvested from spleens and blood were stained with PE-conjugated-CD8α, FITC conjugated-CD4, and APC conjugated-CD3 (eBioscience). The samples were acquired using an LSR II (BD Biosciences) flow cytometer, and the data were analyzed with Kaluza Analysis Software (Beckman Coulter, Brea).



Laser Confocal Immunofluorescence Assay

Cells seeded on glass-covered slides were fixed with 4% paraformaldehyde, permeabilized with 0.25% Triton X-100, and blocked with 1% bovine serum albumin (BSA). Next, the cells were probed with primary antibodies diluted in 1% BSA solution overnight at 4°C. Rabbit or mouse IgG antibodies coupled with Alexa (1:100 dilution, Invitrogen) were used as secondary antibodies followed by nuclear staining with DAPI. The images were visualized and captured by laser confocal scanning microscopy (Olympus, Tokyo, Japan). Antibodies against human NF-κB, pNF-κB, H3K27me3 (1:100 dilution, Cell Signaling Technology), and PD-L1 (1:1000, Abcam) were utilized as primary antibodies.



Western Blot Analysis

Western blot was performed as described previously. Thirty µg protein were loaded per lane. Cell lysates were separated on analytical 10% SDS-PAGE gels and transferred onto poly vinylidene difluoride (PVDF) membranes. Non-specific binding was blocked by incubation with 5% skim milk. Antibodies against human NF-κB, pNF-κB, H3K27me3, IKKα, IKKβ, IκBα, pIKKα, pIKKβ (1:1000 dilution, Cell Signaling Technology), PD-L1 (1:1000, Abcam), and GAPDH (1: 4000 dilution, Proteintech) were used as primary antibodies.

Rabbit or mouse IgG antibodies coupled to horseradish peroxidase (1:10000 dilution, Promega) were utilized as secondary antibodies. Antibody-labeled protein bands on the membranes were detected with a G:BOXiChemi XT chemiluminescence and fluorescence imaging system (Syngene). Band densities were determined using the Image J software.



Chromatin Immunoprecipitation (ChIP)

ChIP assays were performed using the EZ-ChIP kit (Millipore). Briefly, cells were fixed with 1% formaldehyde, and then formaldehyde was neutralized with 0.125 M glycine. Cells were then lysed with SDS and protease inhibitor lysis buffer. Soluble chromatin of 200-1000 bp was collected after sonication, pre-cleared in 1:10 dilution buffer, and incubated overnight with IgG, H3K27me3, and NF-κB antibodies in a rotating platform at 4°C. After washing the immune complexes captured by G-Sepharose protein beads, the bound DNA fragments were eluted and analyzed by real-time quantitative pcr using ChIP primers. The primers used for real-time RT-PCR are listed in the Supplementary Table 2.



Chromatin Isolation by RNA Purification (ChIRP)

The ChIRP assay was performed using the Magna ChIRP RNA Interactome Kit (Millipore, USA) following the manufacturer’s guidelines. Briefly, a total of 1 × 107 cells was lysed in complete lysis buffer for each reaction, and the DNA was then sheared into small fragments through sonication. Then the lysate was incubated with biotin-labeled probes that could hybridize with HOTAIR or control probe. Finally, the probes were extracted by streptavidin magnetic beads, the combined protein was isolated for immunoblotting analysis, and the RNAs and DNAs samples were enriched for agarose electrophoresis. The probes used are listed in the Supplementary Table 3.



Tumor Xenografts

Bagg albino (BALB)/c nude mice (4 weeks old) and C57BL/6 black mice (4-6 weeks old) were purchased from the Animal Center at the Cancer Institute of the Chinese Academy of Medical Science (Beijing, China). All experimental protocols were approved by the Tianjin Medical University Animal Care and Use Committee. To establish orthotopic models, glioma cells transduced with a luciferase lentivirus were implanted stereotactically: anthropogenic U87 or TBD in BALB/c nude mice and murine GL261 in C57BL/6 black mice. The mice were randomly assigned into six groups (n = 8 per group). Twenty-one days after implantation, PBS or AQB (5 mg/kg) was administered by intraperitoneal injection every other day for 14 days. The nude mice were imaged for luciferase activity once per week. The mice were sacrificed on day 42, and their brains were removed for paraffin-embedding. The ratio of CD4/CD8 T cells was measured in blood and lymph node specimens of black mice, and the brain tissues were used to prepare paraffin sections for immunohistochemical and hematoxylin-eosin staining.



Immunohistochemistry

Brain tumor tissues in paraffin were sectioned at 4 μm and mounted on slides. Paraffin slices were dewaxed and incubated with primary antibodies. Primary antibodies against human NF-κB, pNF-κB (1: 200 dilution, Cell Signaling Technology), and PD-L1 (1:200, Abcam) were used for antigen recognition; secondary antibodies were conjugated with biotin labels. DAB was utilized as a developing method to detect the biotin reporter, and hematoxylin was utilized for counterstaining. Next, sections were rinsed with PBS, re-stained with ammonia, stained with hematoxylin, and observed by microscopy. The results were analyzed using the National Institutes of Health (NIH) ImageJ software.



Hematoxylin-Eosin Staining

Paraffin-embedded tissue sections were subjected to hematoxylin-eosin staining. After blocking with 3% H2O2 and non-immune rabbit serum, sections were incubated with primary antibodies (1:200 dilutions) overnight at 4°C followed by an incubation with a streptavidin-biotinylated secondary antibody (ZSGB-BIO) for 1 h at 37°C. The chromogenic substrate used was 3,3’-diaminobenzidine, and hematoxylin was utilized as the counterstain. The sections were visualized under a light microscope.



Statistical Analyses

Statistical analyses were performed utilizing Kaplan-Meier survival curves, the long-rank test, and univariate and multivariate Cox proportional hazards regression analysis with SPSS 16.0 (IBM, USA). All values are presented as the mean ± standard deviation (SD). Statistical comparisons between two groups were performed using Student’s t-test. Differences among three or more groups were determined by two-way ANOVA followed by Dunnett’s test. Significance was set to *P < 0.05, **P < 0.01.




Results


Proteomics Analysis Revealed That HOTAIR Regulates Proteins in Glioma Cells

An abnormally high expression of the lncRNA HOTAIR has been previously demonstrated in glioma cells. HOTAIR regulates genes by anchoring epigenetic modification proteins and causes abnormalities in multiple signaling pathways (5, 13, 24, 25). We knocked down HOTAIR in glioma cells by siRNA with SILAC labeling, and then total protein was extracted for proteome mass spectrometry. A proteomics analysis showed that in HOTAIR knockdown glioma cells, 1074 proteins were up-regulated, whereas 390 proteins were inhibited (Figure 1A, Supplementary Table 4). Among these proteins, 434 protein correlations were enriched in one protein network (Figure 1B). HOTAIR was associated with two main cluster networks of biological processes (Figure 1C, Supplementary Table 5). Next, proteins were annotated with the Kyoto Encyclopedia of Genes and Genomes (KEGG), and a significant association of HOTAIR with proteins in metabolic pathways and in the MAPK and PI3K-Akt signaling pathways was identified (Figure 1D). An InterPro database protein complex analysis demonstrated that proteins annotated in complexes with histone acetyltransferases were repressed by HOTAIR, including the p300-CBP-p270-SWI/SNF, CENP-A NAD-CAD, and NuA4/Tip60 HAT complexes with enrichment P values 0.001765, 0.003027, and 0.011090, respectively. HOTAIR activated the TNF-α/NF-κB, CHUK-IKBKB-IKBKG, and IκB kinase complexes, which are involved in the NF-κB signaling activation process, with enrichment P values 0.000053, 0.000131, and 0.000131, respectively (Figure 1E). To investigate the HOTAIR-associated proteins domains, we analyzed their profiles in the CORUM database. The expression of proteins containing an IGF binding domain, a bromodomain, and a zinc finger was repressed by HOTAIR (P values 0.003775, 0.001489, and 0.001130, respectively). Proteins activated by HOTAIR mostly contained a protein kinase domain or a kinase-like domain (enrichment P values 0.003446 and 0.006261, respectively) (Figure 1F).




Figure 1 | HOTAIR regulated protein level associated with multiple biological progress, when applied to SILAC labeling-based proteome of U87 cells. (A) The scatter plot shows the number of differential proteins detected by proteome sequencing, with a difference ratio greater than 1.5. (B) STRING protein network shows that 434 proteins had high correlation. (C–F) Enrichment and clustering analysis of the quantifiable proteomics data set including HOTAIR associated biological processes clustering (C), KEGG pathway analysis (D), protein complex enrichment (E) and protein domains enrichment (F).



To elucidate HOTAIR’s effects, we analyzed different databases and datasets including samples from glioma cell lines and clinical glioma samples. Microarray mRNA datasets, in which HOTAIR was overexpressed for 6 h or 48 h in U87 glioma cells, exhibited 1920 upregulated and 470 downregulated genes at both timepoints (Figures 2A, B). HOTAIR was positively associated with biological processes, including cell cycle and intracellular signal transduction and with multiple pathways (Figures 2C, D). A CGGA database analysis based on 301 patients revealed high HOTAIR expression in WHO III and IV grade glioblastoma samples, especially in classical and mesenchymal glioblastomas (Figures 2E, F). Quantifiable genes associated with HOTAIR in glioblastoma samples in the CGGA RNAseq dataset were classified by an ontology annotation based on biological processes. The findings demonstrated that HOTAIR regulates the immune response, T cell co-stimulation, and adaptive immune response (Figure 2G). As shown in Figure 3A, multiple genes which were participated in IL6-JAK-STAT3 signaling and TNFα/NF-κB signaling pathways, significantly enriched in HOTAIR positively correlated gene group. The expression of HOTAIR was positively correlated with the messenchymal subtype of glioma, but negatively correlated with the subtype of proneural (Figure 3A). Similar conclusions can also be drawn from the sequencing data published by several teams that the activity of NF-κB and downstream pathways is significantly positively correlated with the malignant messenchymal subtype of glioma (Figure 3B).




Figure 2 | HOTAIR regulated gene expression participated in multiple biological processes in different dataset. (A) HOTAIR upregulated 2201 genes after 6h expressing in U87 and 4975 genes after 48h, respectively, and there were 1920 overlapping genes. (B) HOTAIR downregulated 579 genes and 1827 genes when HOTAIR were expressed for 6h and 48h in U87 respectively, and the overlapping genes reached 470. (C, D) HOTAIR regulated genes were enriched in several biological processes (C) and pathways (D). (E) HOTAIR expression in CGGA RNAseq dataset (n=301). (F) Cluster heatmap showed the gene expression level correlated with HOTAIR expression in glioma based on CGGA RNAseq dataset (n=301). (G) Quantifiable genes of GBM patients in CGGA RNAseq dataset associated with HOTAIR were classified by ontology annotation based on biological processes.






Figure 3 | HOTAIR may regulate gene expression pattern in an NF-κB-dependent manner in glioma. (A) The enrichment plots of gene expression signatures of HOTAIR-induced IL6-JAK-STAT3 signaling and TNFα signaling via NF-κB, and the signatures of samples annotated in mesenchymal glioma and proneural glioma, sorted according to the differences between the samples with high and low level HOTAIR expression. (B) Enrichment heatmap showed the NFκB-dependent biological processes associated with the grade of samples. (C, D) NF-κB regulated gene expression levels in U87 (C) and TBD (D) at 24 hours after treatment with AQB. Values are means ± s.d. from n = 3 independent experiments. The P value was determined by two-sided Student’s t-test. (E) Immunobolts detect the protein level of NF-κB and pNF-κB, using GAPDH as control in U87 cells treated with AQB at the concertration of 40μM and 80μM. (F) Immunoblots showing the effect of AQB on expression of PD-L1 and EZH2 in U87 and TBD cells, using GAPDH as control. (G) Immunoflourescence showing the protein level and protein distribution of H3K27me3, NF-κB and PD-L1 in DMSO or AQB treated U87 cells. The bar chart indicates differences in the mean optical densities of NF-κB, PD-L1, and H3K27me3 proteins in DMSO or AQB-treated U87 cells. Scale bar, 50μm. ***P < 0.001, ****P < 0.0001.





AQB Inhibited Inflammatory Signaling Pathways and the Checkpoint Protein Downstream of NF-κB

To verify the database analysis results regarding a relationship between HOTAIR and NF-κB, the regulatory effect of HOTAIR on the NF-κB pathway was verified by in vitro experiments. In previous study, we identified a small molecule compound AC1Q3QWB (AQB) as an efficient disruptor of HOTAIR-EZH2 interaction, resulting in blocking of PRC2 recruitment (14, 26). First, we treated U87 and TBD human glioma cells with AQB. We found that AQB significantly reduced the levels of the inflammatory associated proteins including XIAP, Bcl2, IL-8, IL-1β and TNFα, compared with DMSO treatment in the control group (Figures 3C, D). After treatment with 40uM and 80uM AQB, there was a subtle decrease in the total amount of NF-kB, especially after 80μM AQB treatment, while the level of phosphorylated NF-kB decreased significantly (Figure 3E). Furthermore, PD-L1 expression was inhibited by AQB. With AQB interfering with the EZH2/HOTAIR combination, H3K27me3 levels decreased, but the EZH2 protein level did not change significantly (Figure 3F). The same phenomenon can be significantly observed in the immunofluorescence staining experiment, PD-L1, nuclear NF-κB and H3K27me3 in U87 cells treated with AQB decreased significantly (Figure 3G). This suggests that HOTAIR functional inhibition can regulate the downstream of the NF-κB signaling pathway.



The Stock of HOTAIR Is Positively Associated to the Positioning and Function of NF-κB

To test the effect of HOTAIR on NF-κB, we used AQB to inhibit the function of HOTAIR or varied the stock of HOTAIR using distinct siRNAs or lenti-HOTAIR virus. In U87 and TBD cells treated with DMSO or 40μM AQB, fewer NF-κB proteins entered into the nucleus, while phosphorylated-NF-κB proteins in the cytoplasm and nucleus decreased (Figure 4A). Knocking down HOTAIR through distinct siRNAs caused decreased mRNA expression of IL-8 and TNFα in both U87 and TBD cells. It caused decreases in phosphorylated NF-κB, which is the same as knocking down EZH2 (Figure 4B). In siHOTAIR U87 cells, western blotting showed that NF-κB in the cytoplasm increased, but less in the nucleus. Correspondingly, phosphorylated NF-κB decreased in both the cytoplasm and the nucleus. And the phosphorylated IκB decreased in nuclear. (Figure 4B). Correspondingly, when we transferred HOTAIR overexpressed lentivirus into U87 and TBD cells, the level of phosphorylated NF-κB increased, the content of nuclear NF-κB protein and phosphorylated NF-κB protein increased, and the phosphorylated IκB increased. The mRNA of IL-8 and TNFα were all increased induced by overexpressed HOTAIR lncRNA (Figure 4C). It suggested that inhibiting the function of HOTAIR or reducing the stock of HOTAIR can reduce the phosphorylation modification of NF-κB, thereby affecting the expression of NF-κB regulatory protein. We then tested the results of overexpression of HOTAIR in glioma cells treated with AQB. mRNA expression level showed that HOTAIR could restore the expression of suppressed IL-8, IL-1β and TNFα. Western blotting showed that overexpression of HOTAIR in TBD cells could restore the level of phosphorylated NF-κB inhibited by AQB, but the effect was not significant in U87 (Figure 4D). This means that the combination of HOTAIR and EZH2 to regulate epigenetic modification is the key to regulating NF-κB phosphorylation.




Figure 4 | Inhibition of H3K27me3 modification can regulate the activation and function of NF-κB. (A) Immunoblots showing the distribution of NF-κB and pNF-κB proteins in the nucleus and cytoplasm, with GAPDH as the cytoplasmic protein control and histone H3 as the nuclear protein control. (B) Quantitative PCR to detect mRNA expression levels of IL-8, IL-1β, and TNFα in U87 and TBD cells treated with HOTAIR knockdown. The protein expression levels of NF-κB and pNF-κB in U87 and TBD cells with HOTAIR knockdown and EZH2 knockdown were detected by immunoblots. (C) Quantitative PCR to detect mRNA expression levels of IL-8, IL-1β, TNFα and UBXN1 in U87 and TBD cells overexpressing HOTAIR. Immunoblots detected the protein expression levels of NF-κB and pNF-κB in U87 and TBD cells overexpressing HOTAIR. (D) Quantitative PCR detecting mRNA expression levels of IL-8, IL-1β, TNFα, PD-L1, NKRF, PRKCQ and HOTAIR in U87 and TBD cells treated with AQB or AQB deals with joint HOTAIR overexpression. Immunoblots detected the protein expression levels of NF-κB and pNF-κB in U87 and TBD cells treated with AQB or AQB deals with joint HOTAIR overexpression. (E) Quantitative PCR and immunoblots showing the message RNA and protein level of UBXN1 in U87 and TBD cells treated with AQB using vehicle as control. (F) NFκB function was analysis using NFκB binding domain fused luciferase reporter vector in U87 and TBD cells treated with JSH-23, or AQB or AQB joint HOTAIR overexpression. For all the statistical histograms above, values are means ± s.d. from n = 3 independent experiments. The P value was determined by two-sided Student’s t-test. ns, not statistically significant, *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.



Furthermore, in luciferase reporter assays detecting NF-κB transcription activity, AQB inhibited the transcriptional regulatory activity of NF-κB similarly to the NF-κB inhibitor JSH-23, and this inhibition was reversed by overexpression of HOTAIR (Figure 4F).



HOTAIR Regulation on NF-κB Signal Pathway Through the Negative Regulator UBXN1

In order to further clarify the intermediate factors of HOTAIR regulating NF-κB pathway activation, we tested several factors involved in the regulation of NF-κB signaling pathway. NKRF encodes a transcriptional inhibitor that binds to negative regulatory elements to inhibit the transcriptional regulation of NF-κB (27). PRKCQ encodes a serine/threonine protein kinase that can activate the IKK complex, thus activating NF-κB resulting in nuclear translocation and activation (28, 29). As shown in Figure 4D, in U87 and TBD cells treated with AQB, the mRNA expression of NKRF and PRKCQ were both inhibited by AQB, suggesting that their gene expression may not be regulated by HOTAIR through H3K27 trimethylation. But we found another protein, UBXN1, which was reported as negative regulator of NF-κB pathway decreased in LV-HOTAIR treated U87 and TBD cells (Figure 4C). As shown in Figure 4E, both the mRNA and protein of UBXN1 were induced by AQB in U87 and TBD cells. These results suggest that UBXN1 could be a possible bridge for HOTAIR to regulate the activation of NF-κB.

The modification of H3K27me3 in UBXN1 promoter region decreased when the function of HOTAIR was inhibited by AQB. On the contrary, overexpression of HOTAIR can restore the modification level of H3K27me3. It indicated that HOTAIR can directly regulate the expression level of UBXN1 by regulating histone modification (Figure 5A). In the ChIRP experiment, we observed that when AQB acted, HOTAIR bound to chromatin decreased, and HOTAIR bound to chromatin DNA in the UBXN1 promoter region decreased (Figure 5B).




Figure 5 | HOTAIR inhibited the expression of UBXN1 by epigenetic modification. (A) ChIP assay detected the H3K27me3 modification on the promotor region of UBXN1. (B) Upper: ChIRP assay enriches HOTAIR RNA with high yield and specificity. Lower: ChIRP assay detect the HOTAIR binding region on the promotor of UBXN1. (C) ChIP assay detected NF-κB binding on the promotor of CD274 in U87 treated with AQB or vehicle as control. (D) ChIP assay detected NF-κB binding on the promotor of HOTAIR in U87 cells treated with AQB or vehicle as control. (E) T cell killing assay of TBD cells treated with siRNAs for EZH2 and HOTAIR. Cell nuclei were stained by DAPI in blue, and apoptotic cells were displayed by fluorescent products of caspase 3/7 cleavage (green). For all the statistical histograms above, values are means ± s.d. from n = 3 independent experiments. The P value was determined by two-sided Student’s t-test.





HOTAIR Regulation on PD-L1 Expression Affected T Cell-Dependent Toxicity

It has been demonstrated that PD-L1 on tumor cells is sufficient to mediate T cell tolerance, and inhibition of PD-L1 on tumor cells can effectively activate anti-tumor immunity (30). As the transcription regulation target of NF-κB, we found that the gene expression of PD-L1 was positively regulated by HOTAIR (Figure 4D). Moreover, a genome immune coprecipitation experiment revealed that AQB significantly inhibited NF-κB in the CD274 gene promoter region, and that HOTAIR overexpression reversed and promoted NF-κB enrichment in this area, implying that AQB may regulate the immune sensitivity of tumor cells by inhibiting the transcriptional regulation of CD274 gene by NF-κB (Figure 5C). Moreover, NF-κB recognized the promoter region of HOTAIR, suggesting that there might be regulatory feedback circuits involving lncRNA and transcription factors (Figure 5D).

To test whether the inhibition of PD-L1 mediated by HOTAIR affects the immune sensitivity of tumor cells, we co-cultured glioma cells treated with EZH2 siRNA or HOTAIR siRNA with activated human peripheral blood mononuclear cells (PBMCs). As expected, disruption of EZH2 or HOTAIR increased the sensitivity of tumor cells to T cell killing (Figure 5E). These results suggested that HOTAIR alters PD-L1 gene expression and T cell toxicity through NF-κB signaling pathway and highlight HOTAIR as a promising target for tumor immunotherapy.



Blockade of HOTAIR Function Activated Anti-Cancer Immunity In Vivo

To further confirm the regulation of HOATIR on PD-L1 dependent on the NF-kB pathway, we performed in vivo tests. We evaluated lentivirus-mediated HOTAIR overexpression and anti-HOTAIR AQB treatment alone or combination in TBD orthotopic tumor model established in Bagg albino (BALB)/c nude mice. AQB treatment resulted in a significant reduction of the intracranial tumor volume compared with the DMSO group(43% reduction with P < 0.05), contrarily, overexpression of HOTAIR increased the malignant progression of the tumor (52% enhancement in nude mice, P < 0.05; Figures 6A, C). Morphologically, hematoxylin-eosin-stained slides indicated that AQB induced shrinkage of tumor cell nuclei (Figure 6B). Compared with the control group (median survival: 19 days), AQB treatment group (median survival: 23 days) showed prolonged survival in Kaplan-Meier survival curves (P < 0.05; Figure 6D). The same results appeared in the HOTAIRwt group (median survival of HOTAIRwt: 17 days and HOTAIRwt-AQB: 21 days; Figure 6D). Moreover, immunohistochemistry staining showed the reduction in nuclear NF-κB and phospho-NF-κB levels in the AQB group (Figure 6B).




Figure 6 | Apparent inhibition of UBXN1 expression levels activated tumor growth and tumor growth regulated by NF-κB in vivo. (A) Representative pseudocolor bioluminescence images of mice implanted with intracranial tumors infected with HOTAIR overexpressing lentivirus or control lentivirus, and heal every other day with vehicle or AQB. (B) Representative images of the H&E-stained mice brain tissue and the immunohistochemical staining of NF-κB and pNF-κB in brain tissues. Nuclei were stained by DAPI. (C) The tumor growth curve with time in xenotypic in situ tumor model animal was calculated by corresponding light value in (A). (D) Kaplan-Meier survival plot shows the overall survival of glioblastoma TBD mice treated with regime describe previously. (E) In heterotypic in situ tumor-bearing black mice, the tumor growth curve over time was calculated from the corresponding light values in (G). (F) Kaplan-Meier survival plot shows the overall survival of glioblastoma TBD mice with same treatment. (G) Representative pseudocolor bioluminescence images of tumor-bearing C57BL/6 mice as shown previously, and heal every other day with vehicle or AQB. (H) Representative images of the immunohistochemical staining of CD45, CD14, perforin and Granzyme B in brain tissues. For all the statistical collapsed line graph above, values are means ± s.d. from n = 3 independent experiments. The P value was determined by two-sided Student’s t-test.



Next, we constructed TBD cell xenograft tumors in C57BL/6 black mice to established immunocompetent mouse model (Figure 6G). The in vivo bioluminescence imaging showed that AQB could dramatically inhibit the tumor growth of both the control group (72% reduction with P < 0.05) and the HOTAIRwt group (61% reduction with P < 0.05; Figure 6E). AQB treatment significantly prolonged the survival of glioma bearing mice both in control group and HOTAIRwt group (36.2% and 42% respectively; Figure 6F). Moreover, immunohistochemical staining showed that the infiltration of CD45 labeled leukocytes in tumor increased under AQB treatment, while the infiltration of CD14 labeled macrophages decreased, as well as the small amount of perforin and granzyme B staining was present in the tumor portion (Figure 6H). Taken together, these findings indicate that the inhibition of HOTAIR function blocks the expression of PD-L1 to a certain extent on the surface of glioma cells, thereby further promotes the infiltration of tumor-related immune cells. Collectively, these experiments supported the notion that HOTAIR silencing the expression of UBXN1 can regulate the activation of NF-kB pathway and induce the expression of checkpoint protein PD-L1 on surface of glioma cells, thereby initiating glioma to escape T cell recognition and killing.




Discussion

HOTAIR expression is commonly altered in glioblastoma and is especially abnormally elevated in mesenchymal glioma. Furthermore, HOTAIR promotes tumor progression through activation of β-catenin, PKM2, and other pathways (13, 24, 25). We have previously demonstrated that HOTAIR is a positive factor in the progression of malignant glioma and is directly related to poor prognosis in glioma patients. Moreover, we have shown that HOTAIR exhibits a pro-oncogenic activity by modulating the cell cycle, and its main function of is to inhibit the expression of the target genes via H3K27 histone methylation and mediation of the PRC2 complex activity and to promote tumor progression (13, 24, 25). However, it is unclear whether HOTAIR is involved in the regulation of inflammation and immune escape in glioma cells. In the present study, we demonstrated the role of HOTAIR in the regulation of the NF-κB pathway, which is associated with inflammation and immunity. The analysis of protein spectrum data from HOTAIR knockdown cell lines revealed that HOTAIR expression was closely associated with the expression of NF-κB pathway proteins. In vitro experiments demonstrated that HOTAIR regulates the phosphorylation and nucleation of NF-κB, which was dependent on the epigenetic modulation of NF-κB negative regulators by HOTAIR. Furthermore, in vivo and in vitro experiments demonstrated that AQB inhibits tumor growth and reduces NF-κB and phospho-NF-κB levels in the xenograft model. Furthermore, AQB improved the immune sensitivity of tumor cells similarly to the effect exerted by a HOTAIR siRNA. These results provide evidence that HOTAIR regulates tumor cell inflammatory responses and immune escape via the NF-κB pathway in glioblastoma.

In a variety of malignancies with aberrant NF-κB activity, only a fraction of them are due to mutations in NF-κB genes. Abnormal activation of NF-κB in many malignant solid tumor cells may be due to inflammatory cytokine stimulation in the tumor microenvironment (18, 31). Herein, our data indicate that the lncRNA HOTAIR promotes NF-κB activity in malignant glioma cells, whereas its overexpression leads to aberrant NF-κB activation even without inflammatory stimulation. These findings suggest that the lncRNA HOTAIR is an essential “driver” of NF-κB signaling in malignant glioma cells. NF-κB is constitutively active in many tumor types and is considered a key factor in cancer development (18, 31). A number of negative regulators of the NF-κB pathway such as the deubiquitinases (DUB) A20 (32) and CYLD (33), ubiquitin ligase SOCS-1 (19), and a group of miRNAs (34), etc., have been identified as tumor suppressors. Many of these regulators are transcribed by NF-κB but participate in negative feedback loops to prevent a sustained or excessive activation of the NF-κB pathway (19). The activation and release of NF-κB depend on the phosphorylation of IκBα by the classical IKKα/IKKβ/CHUK complex. A cytoplasmic, NF-κB-interacting lncRNA reportedly blocks IκB phosphorylation and suppresses breast cancer metastasis (35). In our study, the lncRNA HOTAIR was implicated in the abnormal activation of the NF-κB pathway. Furthermore, protein spectrum data and in vitro experiments showed that HOTAIR activates the protein expression of the TNFα/NF-κB signaling complex and IκBα kinase complex. This abnormal activation may lead to high PD-L1 expression, which may block the tumor cell killing by T cells.



Conclusions

In summary, our data demonstrated that HOTAIR activates the implicated in inflammatory responses NF-κB pathway in mesenchymal glioma cells and promotes immune escape via an aberrant PD-L1 expression. Furthermore, in vivo and vitro data showed that HOTAIR inhibits the NF-κB repressors UBXN1 via an H3K27me3 modification, which promotes IKKα/IKKβ/IKKγ-IκBα-induced NF-κB activation and transmission and forms an HOTAIR-NF-κB axis.
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Gliomas with chromosome 1p/19q codeletion were considered a specific tumor entity. This study was designed to reveal the biological function alterations tightly associated with 1p/19q codeletion in gliomas. Clinicopathological and RNA sequencing data from glioma patients were obtained from The Cancer Genome Atlas and Chinese Glioma Genome Atlas databases. Gene set variation analysis was performed to explore the differences in biological functions between glioma subgroups stratified by 1p/19q codeletion status. The abundance of immune cells in each sample was detected using the CIBERSORT analytical tool. Single-cell sequencing data from public databases were analyzed using the t-distributed stochastic neighbor embedding (t-SNE) algorithm, and the findings were verified by in vitro and in vivo experiments and patient samples.We found that the activation of immune and inflammatory responses was tightly associated with 1p/19q codeletion in gliomas. As the most important transcriptional regulator of Galectin-9 in gliomas, the expression level of CCAAT enhancer-binding protein alpha in samples with 1p/19q codeletion was significantly decreased, which led to the downregulation of the immune checkpoints Galectin-9 and TIM-3. These results were validated in three independent datasets. The t-SNE analysis showed that the loss of chromosome 19q was the main reason for the promotion of the antitumor immune response. IHC protein staining, in vitro and in vivo experiments verified the results of bioinformatics analysis. In gliomas, 1p/19q codeletion can promote the antitumor immune response by downregulating the expression levels of the immune checkpoint TIM-3 and its ligand Galectin-9.




Keywords: glioma, 1p/19q codeletion, DNA repair functions, immune checkpoint, prognosis prediction



Introduction

Gliomas, the most common and lethal primary intracranial tumor in adults, are characterized by strong invasiveness and a high recurrence rate (1–3). Tumor-specific molecular alterations, such as isocitrate dehydrogenase 1 (IDH1) mutation and the codeletion of chromosome arms 1p and 19q (1p/19q codeletion), could serve as prognostic indicators or therapeutic targets for glioma patients (4–6). These biomarkers were also included in the 2016 World Health Organization (WHO) Classification of Tumors of the Central Nervous System (CNS), providing an important theoretical foundation for the diagnosis and individualized treatment of gliomas (7). However, the specific molecular mechanism by which 1p/19q codeletion affects the biological characteristics and clinical prognosis of gliomas remains unclear.

Chromosome 1p/19q codeletion is a representative event in the oligodendroglial histologic type of gliomas and is strongly associated with overall survival of glioma patients (8–10). In general, glioma patients with 1p/19q codeletion tend to have a better prognosis (8, 11). Patients with 1p/19q codeletion are more sensitive to chemotherapy with alkylating agents such as temozolomide (TMZ) (12). The loss of chromosome 1p or 19q inevitably results in significant reductions in the expression of multiple genes located on these regions; thus, 1p/19q codeletion can cause significant abnormalities in the biological function of gliomas (13). The remolding of the tumor immune environment plays an essential role in chemotherapy resistance of various cancers (14). Thus, we hypothesized that 1p/19q codeletion may improve glioma sensitivity to postoperative treatment by regulating the tumor immune microenvironment.

This study comprehensively analyzed the alterations in biological functions associated with 1p/19q codeletion in gliomas by gene set variation analysis (GSVA) (15). We observed differences in immune system process between patients according to 1p/19q codeletion status. To further clarify the specific molecular mechanism of 1p/19q codeletion remodeling of the immune microenvironment of gliomas, CIBERSORT was applied, revealing seven immune metagenes (16, 17). The results suggested that 1p/19q codeletion upregulated immune response by reducing the expression of TIM-3 and its ligand Galectin-9 but had no significant effect on immune cell infiltration. We also found that the transcription factor CCAAT enhancer-binding protein alpha (CEBPA), located on chromosome 19q, played a key role in regulating the expression level of Galectin-9 in both lower-grade glioma (LGG) and glioblastoma (GBM). These results indicate that the loss of chromosome 19q in glioma patients with 1p/19q codeletion could significantly inhibit Galectin-9 expression and the immunosuppressive function of TIM-3. In conclusion, this is the first integrative study to illustrate the association between 1p/19q codeletion and the immune microenvironment of gliomas, which may provide a more accurate assessment of individualized clinical management in patients with gliomas. 



Methods


Sample and Databases

This study was approved by Beijing Tiantan Hospital Institutional Review Board (IRB). Written informed consents were obtained from the patients (or their families).

This study included a total of 368 patients with data on transcriptome sequencing and 1p/19q codeletion status. The details of sample acquisition and sequencing were described previously (18). Pathological diagnosis was confirmed by at least two neuropathology experts in the Neuropathology Department of Beijing Neurosurgical Institute. The tumor 1p36 and 19q13 statuses were determined using fluorescent in situ hybridization analysis of formalin-fixed, paraffin-embedded blocks. The CGGA project performed transcriptome sequencing on two batches of glioma samples at different periods, named the CGGA database and the CGGA New database respectively. These two databases are mutually independent databases and can be used as an independent verification database for each other. Sequence data from the Cancer Genome Atlas (TCGA) mRNA-seq database were downloaded from public databases (https://cancergenome.nih.gov). The clinical information of the patients is summarized in Table 1.


Table 1 | Clinical information of patients.





Availability of Data and Material

The sequencing data, clinical data and molecular pathology data of all patients were uploaded to the CGGA portal (http://cgga.org.cn/). All data related to this research are available on reasonable request from the first and corresponding authors.



GSVA

A total of 7,345 biological functional enrichment scores calculated independently for each patient were generated based on default parameters in the gsva package in R, as described previously (19). Subsequently, all negatively regulated BPs have been removed. Based on the remaining 6613 biological processes, the biological functions related to 1p/19q codel status were examined. The gene list for each biological function is available from the AmiGO 2 Web portals (http://amigo.geneontology.org).



Immune Cells and Cytokine Enrichment Scores

The abundance of immune cells in each patient was estimated from transcriptome sequencing data using CIBERSORT analytical tool developed by Newman et al. (16). The calculation was performed online using default parameters (https://cibersort.stanford.edu). The calculation of cytokines scores and the corresponding gene list were calculated by the GSVA algorithm as described previously (18, 20). Subsequently, the significance of the difference between the enrichment score of two groups was verified by Student’s t-test.



Single-Cell Sequencing Analysis

Single-cell sequencing and molecular pathology data were downloaded from the Gene Expression Omnibus databases (https://www.ncbi.nlm.nih.gov/gds/?term=GSE70630 and https://www.ncbi.nlm.nih.gov/gds/?term=GSE89567). Based on the cell markers from the Cellmarker website (http://biocc.hrbmu.edu.cn/CellMarker), the cells for each patient were grouped independently using the t-distributed stochastic neighbor embedding (t-SNE) algorithm in the R environment.



Immunohistochemical (IHC) Staining

Paraffin-embedded tissues were obtained from the CGGA sample bank. The IHC experimental procedures and scoring methods were as reported previously (21). The antibodies for IHC staining included those for CEBPA (Abcam, ab140479, 1:200), Galectin-9 (Proteintech, 17938-1-AP, 1:100), and TIM-3 (Proteintech, 60355-1-lg, 1:1000).



Cell Isolation and Culture

293T and U87 cell lines were obtained from the Institute of Biochemistry and Cell Biology, Chinese Academy of Science. 293T and U87 cell lines were cultured in medium containing DMEM (Gibco) supplemented with 10% FBS (Gibco). T cells were obtained from a healthy adult male donor. Isolation and culture of T cells was performed following the protocol as previously described (22).



siRNA Transfection

The CEBPA siRNA and the corresponding negative control plasmid were purchased from syngentech (Beijing, China). 293T cells were transfected with siRNA using X-tremeGENE HP DNA Transfection Reagent (Roche, Switzerland) according to instructions exactly. The transfection efficiency was determined by the proportion of fluorescence-labeled cells.



Western Blotting

The extraction of total cell protein and the Western Blotting experiment were carried out as previous described (23). Antibodies for Western Blotting: CEBPA antibody (Abcam, ab140479, 1:1000), Galectin-9 antibody (proteintech, 17938-1-AP, 1:500), TIM-3 antibody (proteintech, 60355-1-lg, 1:1000), GAPDH antibody (proteintech, 60004-1-lg, 1:5000).



Flow Cytometry

The surgically removed tumor tissue was washed with phosphate-buffered saline and immediately immersed in DMEM medium and transported to the laboratory within half an hour. Then, the tumor sample was fully mechanical and enzymatic dissociated into single cells. After the dead cells removed by Dead Cell Removal Kit (miltenyi, 130-090-101), the remaining cells were used for flow cytometry. Antibodies for flow cytometry: TIM-3 antibody (1:100, BioLegend, 345012), Galectin-9 antibody (1:100, BioLegend, 348911), CD3 antibody (1:100, STEMCELL, 60011AZ.1).



In Vivo Xenograft Growth

Animal experiments were performed at the animal laboratory of Beijing Neurosurgical Institute according to NIH guidelines. Luciferase labeled glioma tumor cells with/without CEBPA knock down and T cells were mixed (1:1, totally 4 × 105 cells in 5 μL of PBS) and then transplanted into the right hemisphere of NOD-Prkdcscid Il2rgnull mice (23). The growth of intracranial tumors in mice was monitored weekly by in vivo fluorescence imaging.



Statistical Analysis

The statistical analysis and visualization in this study were performed using R (https://www.r-project.org/, v3.5.0), IBM SPSS Statistics for Windows, version 25.0 (IBM Corp., Armonk, NY) and GraphPad Prism version 8.0 (La Jolla, CA). After applying the homogeneity test of variance, significant differences between two groups of normally distributed data were verified by the Student’s t-test. Significant correlations between two groups of normally distributed data were verified using the Pearson’s correlation analysis. For all statistical methods, p<0.05 indicated significant differences.




Results


Gliomas With 1p/19q Codeletion Show a Unique Tumor Immune Status

Chromosomal 1p/19q codeletion, as a genomic variation at the chromosome level, contribute to dysfunction in tumor biological processes (11, 24). To explore the potential functional characteristics of 1p/19q codeleted tumors, the enrichment scores of 6,613 biological functions were obtained through GSVA of the CGGA and TCGA RNA-seq databases. As shown in Figures 1A–C, more than 3,000 biological functions showed significant differences between 1p/19q codeleted and non-codeleted tumors. After classifying these functions, we found that the immune system process was most tightly correlated with the 1p/19q codeletion status in the glioma samples (Figures 1D–F). These results indicated that 1p/19q codeletion may play an essential role in the regulation of the tumor immune microenvironment of gliomas.




Figure 1 | Relationships between chromosome 1p/19q codeletion and altered biological processes in glioma. (A–C) Heatmap showing the enrichment patterns of biological processes associated with 1p/19q codeletion status in the CGGA, CGGA New and TCGA databases. (D–F) Alterations in different classifications of biological functions in gliomas samples with 1p/19q codeletion.





Overview of the Immune Process in Tumors With Different 1p/19q Codeletion Statuses

To overview the differences in immune response between 1p/19q codeleted and non-codeleted samples, we included the top 11 critical immune system processes. Student’s t-tests were performed to evaluate the differences in enrichment scores between stratified patients. The results suggested that most tumor-related immune responses were tightly correlated with 1p/19q codeletion status in the CGGA database, especially the activation of T lymphocytes, T cell and natural killer (NK) cell-mediated immune response to tumor cells, as well as the production and secretion of cytokines (Figure 2A). These analyses were also performed in the CGGA NEW and TCGA RNA-seq database for validation, with similar results (Figures 2B, C). These results indicated that 1p/19q codeletion status had a significant effect on T lymphocytes, NK cells, and cytokine-mediated antitumor immunity.




Figure 2 | Overview of the differences in kernel immune response in glioma patients stratified by 1p/19q codeletion status in the CGGA (A), CGGA New (B), and TCGA (C) databases. The significance of the difference between the two groups was verified by Student’s t-test. nsp > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





1p/19q Codeletion Status Was Associated With Tumor Inflammatory Activities

Infiltrating immune cells are a vital component of the tumor microenvironment, which has diverse roles in glioma biology (25). Thus, to further explore whether there was a significant difference in immune cell infiltration between 1p/19q codeletion and 1p/19q non-codeletion samples, we evaluated the abundance of various types of immune cells in the CGGA and TCGA databases by CIBERSORT. The results showed significant differences between stratified patients for only a few types of immune cells; however, these differences could not be mutually verified in the three databases (Supplementary Figures 1A–C). This finding indicates that 1p/19q codeletion status may not regulate the tumor immune microenvironment by affecting the infiltration of immune cells in gliomas. To further investigate the function of 1p/19q codeletion in the tumor immune microenvironment of gliomas, we assessed seven metagenes. As we described previously, these seven metagenes represent several types of inflammation and immune responses (18). The results showed significantly reduced enrichment scores for hematopoietic cell kinase, lymphocyte-specific protein tyrosine kinase, and major histocompatibility complex II (MHC-II) in patients with 1p/19q codeletion (Figures 3A–C), suggesting the activation of the immunological functions of lymphocyte and antigen-presenting cells.




Figure 3 | Enrichment scores of seven immune and inflammatory-related metagenes in glioma patients with different 1p/19q codeletion status in the CGGA (A), CGGA New (B), and TCGA (C) databases. The significance of the difference between the two groups was verified by Student’s t-test. nsp > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





Specific Reduction in the Expression of TIM-3 and Its Ligands in Gliomas With 1p/19q Codeletion

Our previous studies showed that immune checkpoints such as programmed cell death protein 1 (PD1) and TIM-3 play a crucial role in the regulation of the immune and inflammatory response in glioma (18, 20). This study investigated multiple immune checkpoint receptors and their ligands to further explore the effect of 1p/19q codeletion on the expression level of immune checkpoints. We observed significant differences in some immune checkpoint receptors and their ligands in patients stratified according to 1p/19q codeletion status in the CGGA database (Figures 4A, B). For further validation, similar analyses were performed in the CGGA NEW database and TCGA database (Figures 4C–F). The results showed that only TIM-3 and DNAX accessory molecule-1 (DNAM-1) with their respective ligands showed consistent expression differences between stratified patients across all databases (Figures 4A–F). However, the expression level of DNAM-1 and its ligand CD155 in glioma was very low, indicating that they may play a limited role in regulating the glioma tumor immune microenvironment (Figures 4G–I). In contrast, high expression levels of TIM-3 and its ligand Galectin-9 were observed in glioma samples (Figures 4G–I and Supplementary Figure 2). Thus, we hypothesized that 1p/19q codeletion may change the immune microenvironment of glioma by affecting TIM-3 or Galectin-9 expression levels.




Figure 4 | Association between 1p/19q codeletion and immune checkpoints. (A–F) Differences in immune checkpoint expression in glioma patients with different 1p/19q codeletion status in the CGGA (A, B), CGGA New (C, D), and TCGA databases (E, F) databases. (G–I) TIM-3/Galectin-9 and DNAM-1/CD155 expression levels in the CGGA (G), CGGA New (H), and TCGA (I). The significance of the difference between the two groups was verified by Student’s t-test. ****p < 0.0001.





Decreased Expression of TIM-3 and Its Ligands in 1p/19q Codeletion Tumors Owing to Decreased CEBPA

To explore whether the differential expression of TIM-3 and its ligands in different 1p/19q codeletion status was independent of clinical characteristics, the relationship between them was studied. The results showed that gender, age, total number of tumor involved regions, and the degree of surgical resection are not related to the expression of Galectin-9 and TIM-3 (Supplementary Figures 3–5). We further investigated the specific molecular mechanism by which 1p/19q codeletion affected TIM-3 and Galectin-9 expression levels. Relevant studies confirmed that four transcription factors (AR, CEBPA, CEBPB, and TFAP2C) are involved in the regulation of Galectin-9 gene expression (26–28). We found that, among these four transcription factors, only CEBPA located on chromosome 19q13.11 was tightly correlated with Galectin-9 expression level in both CGGA and TCGA databases (Figure 5A and Supplementary Figure 6). Furthermore, we downloaded a pan-cancer database from a public website to further explore whether there are similar phenomena in other kinds of tumor tissues. As shown in Figure 5B, compared with other tumor samples, CEBPA and Galectin-9 were most closely correlated in lower-grade glioma (LGG, WHO grades II and III). They were also tightly correlated in glioblastoma multiforme (GBM, WHO grade IV). These results indicated differences in the transcription factors regulating Galectin-9 expression in different tumor tissues. Among them, CEBPA played a key role in the regulation of Galectin-9 expression in gliomas. As CEBPA is located on chromosome 19q13.11, the deletion of chromosome 19q likely inhibits Galectin-9 transcription by downregulating CEBPA expression. Due to the absence of ligands, the immunosuppressive effect of TIM-3 was significantly attenuated. This may explain the better prognosis of glioma patients with 1p/19q codeletion. To further investigate whether the chromosome 1p deletion also participated in the regulation of CEBPA and Galectin-9 expression, we also analyzed single-cell sequencing data from the GSE70630 and GSE89567 databases. t-SNE was performed to evaluate CEBPA and Galectin-9 expression levels in glioma cells with different 1p/19q codeletion statuses. The results revealed significantly reduced CEBPA and Galectin-9 expression levels in most glioma cells with 1p/19q codeletion (Figure 5C). The same phenomenon was found in glioma cells with only chromosome 19q deletion (Figure 5C). However, glioma cells with intact chromosome 1p/19q showed a significantly increased proportion of cells with high CEBPA and Galectin-9 expression levels (Figure 5C).




Figure 5 | 1p/19q codeletion downregulated Galectin-9 expression via CEBPA. (A) Correlations between Galectin-9 and transcription factors by Pearson correlation analysis in the CGGA and TCGA databases. (B) Correlation between Galectin-9 and CEBPA detected by Pearson correlation analysis in the TCGA pan-cancer database. (C) t-SNE analysis performed to evaluate the association between Galectin-9 expression and the loss of chromosome 19q.





CEBPA, Galectin-9, and TIM-3 Protein Expression Levels by IHC

To further verify the results of the bioinformatics analyses described above, IHC protein staining was performed in an independent group of glioma patients from the CGGA database. After stratifying glioma samples according to WHO grade and 1p/19q codeletion status, we found lower expression levels of CEBPA, Galectin-9, and TIM-3 proteins in whole grade glioma samples with 1p/19q codeletion compared with those in samples with retained 1p/19q or normal tissues (Figures 6A, B). Collectively, we proved that 1p/19q codeletion status had a significant impact on the tumor immune microenvironment of gliomas at mRNA and protein levels.




Figure 6 | TIM-3, Galectin-9, and CEBPA expression levels evaluated by IHC protein staining in glioma samples stratified by WHO grade and 1p/19q codeletion status. (A) IHC staining of CEBPA, Galectin-9 and TIM-3 in glioma samples stratified by WHO grade and 1p/19q codeletion status. (B) Differential analysis of HScore of IHC staining of CEBPA, Galectin-9 and TIM-3 in glioma samples. The significance of the difference between the two groups was verified by Student’s t-test. ****p < 0.0001.





The Decreased Galectin-9 Regulated by CEBPA Can Improve the Efficacy of Cytotherapy

To further verify the regulatory relationship between CEBPA and Galectin-9, biochemical studies were performed. In vitro experiments confirmed that knockdown of CEBPA can significantly decrease in expression of Galectin-9 at the transcriptome level and protein level (Figures 7A, B). Furthermore, 4 samples from 1p/19q codel LGG and 5 samples from 1p/19q non-codel LGG were collected for flow cytometry experiments. The proportion of cells expressing CD3, TIM-3 and Galectin-9 were tested by Flow Cytometer. The results showed that the proportion of CD3+ cells was no significant correlated with the 1p/19q codel status of LGG, and the positive ratio of TIM-3 and Galectin-9 were significantly lower in 1p/19q codel LGG (Figure 7C).




Figure 7 | Decreased CEBPA expression leads to a decrease in Galectin-9 expression and an increase in the efficacy of cytotherapy. (A) Results of RT-PCR showed that the decrease of CEBPA leads to a significant decrease in the mRNA expression of Galectin-9 in U87. (B) Results of western blot showed that the decrease of CEBPA leads to a significant decrease in protein expression of Galectin-9 in U87. (C) Results of flow cytometry showed that the proportion of Galectin-9 and TIM-3 positive cells in patients with 1p/19q codel LGGs was significantly lower than that in patients with 1p/19q non-codel LGGs. There was no significant difference in the proportion of CD3 positive cells between the two groups. (D) Results of in vivo fluorescence imaging showed that the decrease of CEBPA can enhance the killing effect of T cells on tumor cells. The significance of the difference between the two groups was verified by Student’s t-test. nsp > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001.



Cytotherapy, as a new type of tumor immunotherapy, is coming into focus recently (29). Therefore, the difference in efficacy of cytotherapy in 1p/19q codel and non-codel tumors were explored. Luciferase labeled glioma tumor cells with/without CEBPA knock down and T cells were mixed (1:1) and then transplanted into the intracranial of immunodeficient mice. The growth of intracranial tumors in mice was monitored weekly by in vivo fluorescence imaging. The results showed that tumors with CEBPA knock down (simulate the 1p/19q codel tumor) can improve the inhibition of T cells on tumor cells (Figure 7D).




Discussion

The 2016 WHO Classification of Tumors of the CNS included several tumor-specific molecular alterations in its classification and diagnosis of gliomas (7). Among them, 1p/19q codeletion status was included in the stratification of oligodendroglioma. Several studies have demonstrated the significant prognostic value of 1p/19q codeletion in WHO subgroups of oligodendrocytoma (10, 12). In recent years, immunotherapy has been widely applied in tumors, but many solid tumors show poor immunotherapy effects due to the special immunosuppressive microenvironment (30). Glioma, as an immunologically “cold tumor”, is considered to be highly resistant to immunotherapy (31). However, our study found that patients with 1p/19q co-deleted glioma may benefit from immunotherapy. Our research provided a theoretical basis for the application of immunotherapy in these glioma patients.

The tumor immune microenvironment, including immune cells and immune-related molecules, plays an essential role in glioma occurrence and development (32). The present study mainly explored the association between 1p/19q codeletion and glioma tumor immune microenvironment. In this study, we found that 1p/19q codeletion status did not significantly affect immune cell infiltration. However, the expression levels of immune checkpoint TIM-3 and its ligand Galectin-9 were tightly associated with 1p/19q codeletion. To further explore the specific molecular mechanism of this phenomenon, we assessed four transcription factors of Galectin-9 (AR, CEBPA, CEBPB, and TFAP2C) and found that CEBPA on chromosome 19q played a leading role in the transcriptional regulation of Galectin-9 in gliomas. Moreover, t-SNE analysis in single-cell RNA sequencing data indicated that the loss of chromosome 19q rather than chromosome 1p caused decreased Galectin-9 expression and abnormal TIM-3 function. CEBPA’s regulation of Galectin-9’s transcription and protein has been verified by experimental and clinical samples. Importantly, the killing effect of T cells on CEBPA-decreased tumor cells was significantly increased in vivo. This result suggests that patients with 19q deletion may be insensitive to immune checkpoint inhibitors due to TIM-3 and Galectin-9 dysfunction. In contrast, patients with intact chromosome 19q could benefit from cytotherapy.

In addition to TMZ, limited breakthroughs in recent decades have been reported to improve the outcome in the conventional treatment of gliomas (33–36). To change this situation, many efforts have been made to identify novel molecular markers and therapeutic methods for managing gliomas (5, 6, 8, 37–39). However, limited studies have focused on the effect of 1p/19q codeletion on the biological processes and tumor immune microenvironment of gliomas.

Gliomas with 1p/19q codeletion tend to show characteristics of weaker invasive ability and higher therapy sensitivity (40–42). This is one of the main reasons that oligodendrogliomas characterized by 1p/19q codeletion show a clear boundary on magnetic resonance imaging and better clinical prognosis (43). Recently, Chai et al. reported a significant correlation between 1p/19q codeletion and genes involved in cell proliferation, the extracellular matrix, angiogenesis, and DNA injury response (13). Moreover, the oligodendroglioma cells are deficient in microtube-associated gap junction-mediated tumor cell interactions essential for astrocyte invasion, proliferation, and radioresistance (44). However, these studies failed to provide treatment guidance for patients with 1p/19q codeletion, especially immunotherapy. The tumor immune microenvironmental status in many malignant tumors significantly impacts immunotherapy sensitivity (45–47). Our previous studies showed that immune checkpoints such as PD-LI and TIM-3 could suppress T cell function and macrophage-related immune response in gliomas and lead to worse patient prognosis (18, 20). Thus, the negative correlation between TIM-3 and 1p/19q codeletion indicated that gliomas with the loss of chromosome 1p or/and 19q may benefit more from immunotherapy due to the altered immune microenvironment. Our study initially confirmed the above viewpoint and could be applied to guide the immunotherapy of patients with glioma.

This study has several limitations. First, although only patients with IDH mutation and WHO II glioma were included in this study, the bias caused by other genetic differences in the results still cannot be eliminated. Second, the directionality of most biological functions cannot be reflected by the corresponding enrichment scores. Therefore, the difference analysis of enrichment scores in different 1p/19q status in this study only indicated the strength of the correlation. The directionality of the correlation still needs further experimental verification. Third, since 1p/19q co-deleted glioma cell lines cannot be established in vitro, the results of in vivo and in vitro experiments in this study need to be further verified in transgenic mice or patients.

In conclusion, to the best of our knowledge, this was the first study to investigate the association between 1p/19q codeletion and glioma tumor immune microenvironment. Comprehensive analysis of RNA sequencing data from the CGGA and TCGA databases and single-cell sequencing data from the GSE70630 and GSE89567 databases showed that the loss of chromosome 19q altered the tumor immune microenvironment by downregulating the immunosuppressive function of TIM-3 and its ligand Galectin-9 in glioma patients with 1p/19q codeletion, which may further affect the tumor sensitivity to chemotherapy and immunotherapy. These conclusions provided new insight into the biological functions of 1p/19q codeletion in glioma and might be an important reference for individualized immunotherapy in glioma patients.
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Background

Immunotherapy, especially checkpoint inhibitors targeting PD-1 or PD-L1, has revolutionized cancer therapy. However, PD-1/PD-L1 inhibitors have not been investigated thoroughly in glioblastoma (GBM). Studies have shown that polymerase 1 and transcript release factor (PTRF/Cavin-1) has an immune-suppressive function in GBM. Thus, the relationship between PTRF and PD-L1 and their role in immune suppression requires further investigation in GBM.



Methods

We used public databases and bioinformatics analysis to investigate the relationship between PTRF and PD-L1. We next confirmed the predicted relationship between PTRF and PD-L1 in primary GBM cell lines by using different experimental approaches. RIP-Seq, RIP, ChIP, and qRT-PCR were conducted to explore the molecular mechanism of PTRF in immunosuppression.



Results

We found that PTRF stabilizes lncRNA NEAT1 to induce NF-κB and PD-L1 and promotes immune evasion in GBM. PTRF was found to correlate with immunosuppression in the public GBM databases. PTRF increased the level of PD-L1 in primary cell lines from GBM patients. We carried out RIP-Seq of GBM cells and found that PTRF interacts with lncRNA NEAT1 and stabilizes its mRNA. PTRF also promoted the activity of NF-κB by suppressing UBXN1 expression via NEAT1 and enhanced the transcription of PD-L1 through NF-κB activation. Finally, PTRF promoted immune evasion in GBM cells by regulating PD-1 binding and PD-L1 mediated T cell cytotoxicity.



Conclusions

In summary, our study identified the PTRF-NEAT1-PD-L1 axis as a novel immune therapeutic target in GBM.





Keywords: glioblastoma, PTRF, lncRNA NEAT1, PDL1, immunosuppression



Introduction

Glioblastoma (GBM) is the most aggressive primary brain tumor in adults (1). Standard treatment regimens, including surgery, temozolomide chemotherapy, and radiation therapy, fail to improve patient survival (2). Immunotherapy, particularly immune checkpoint blockade with anti-programmed death 1 (PD-1)/PD-1 ligand (PD-L1) antibodies, has radically changed the treatment of multiple tumors (3–5). However, clinical studies investigating the use of anti-PD-1/PD-L1 in GBM remain are limited (6).

PD-L1 is an important immune checkpoint molecule on cancer cells which plays a critical role in immune surveillance and immune evasion. The majority of GBM patients are resistant to anti-PD-1/PD-L1 therapy, and only a minority of patients respond to this immunotherapy (7). The response to PD-1/PD-L1 blockade is correlated with PD-L1 expression in tumor cells (8, 9). Previous studies demonstrated that PD-L1 protein levels are associated with glioma grades, with elevated levels on tumor cells facilitating immune evasion in glioma patients (10, 11). Thus, one possible mechanism of immune evasion in GBM is the upregulation of PD-L1 which requires an in-depth investigation. Recent studies show that the expression of PD-L1 in tumors is regulated by signaling pathways, transcription factors and epigenetic factors, such as the Wnt/β-catenin pathway (12), STAT3 (13), and NF-κB (14). To develop an effective strategy to enhance antitumor immunity, the underlying mechanisms of PD-L1 regulation in GBM need to be elucidated.

Polymerase 1 and Transcript Release Factor (PTRF, also known as Cavin-1) is upregulated in GBM with mesenchymal phenotype compared with other subtypes of GBM (15). The prognosis of GBM patients with high PTRF expression is also worse (15). Previous studies found that PTRF protects vascular endothelial cells from cytotoxic T cell-mediated lysis (16). Further, in the challenge phase of asthma, loss of PTRF led to intense airway inflammation and potent type 2 immune responses (17). In GBM, bioinformatics analysis showed a negative correlation between PTRF expression and cytotoxic lymphocytes (18). We also demonstrated that PTRF overexpression increased tumor proliferation and decreased tumor-infiltrating CD8+ T cells mediated anti-tumor immunity (19). However, the mechanism by which PTRF influences immunosuppression, particularly PD-L1 expression, in GBM needs further research.

Here, we show that PTRF correlates with immunosuppression and increases the expression of PD-L1 in GBM. Further we found that PTRF interacts with lncRNA NEAT1 and maintains the mRNA stability of NEAT1, increasing H3K27me3 level on the UBXN1 promoter, which results in the binding of NF-κB to the PD-L1 promoter. These findings highlight the role of the PTRF-NEAT1-PD-L1 axis in immune evasion in GBM; this immune-suppressive axis may be targeted as a novel immunotherapeutic strategy.



Materials and Methods


Cell Culture, Lentiviruses, and Chemicals

N9 cell lines derived from GBM patients, were established by Professor Fan of Beijing Normal University. TBD0220 cell lines derived from GBM patients, were established by Professor Kang of Tianjin Medical University (20, 21). N9 and TBD0220 cells were cultured in DMEM/F12 supplemented with 1% Penicillin-Streptomycin and 10% FBS. Cells were maintained at 37°C in a humidified 5% CO2 atmosphere. All GBM cells, except in vivo cultures, were maintained for less than eight generations. Lentiviruses encoding the PTRF-EGFP fusion protein (GOSL87854) and luciferase (GCNL84615) were purchased from GENECHEM (Shanghai, China). Small interfering RNAs targeting PTRF were synthesized by GenePharma (Shanghai, China). Sequences of siRNAs were as follows: PTRF siRNA#1 5’-GCCGCAACUUUAAAGUCAUGAUCUA; PTRF siRNA#2 5’-AGGAGUCCCGCGCAGAGCGUAUCAA. Small interfering RNAs targeting NEAT1 were synthesized by GenePharma (Shanghai, China). Sequences of siRNAs were as follows: NEAT1 siRNA 5’- GAACUUUACUUCGUUAGAUTT. We treated cells with Actinomycin D (Selleck, S7418) at a final concentration of 1 μM.



Western Blot Analysis

The protein was extracted GBM cells by RIPA protein lysis buffer (Solarbio, R0010), with a freshly added mixture of protease inhibitor cocktail and PMSF. Then, 20 µg of protein was run on an SDS-PAGE gel, separated by electrophoresis and transferred to PVDF membranes. The membrane was first blocked by 5% BSA for 1-2 hours at room temperature, followed by incubation with primary antibodies at 4°C overnight. After washing three times with PBST, the membrane was blocked with secondary antibodies (Promega, 1:10000). Protein bands were detected was performed using G:BOXF3 (Syngene, UK) with Western HRP Substrate (Millipore, WBLUF0500). The antibodies used for western blots were: PD-L1 (Abcam, ab58810, 1:500), NF-κB (Cell Signaling Technology, 8242, 1:1000), Phospho-NF-κB (Cell Signaling Technology, 3033, 1:1000), UBXN1 (Proteintech, 16135-1-AP, 1:1000), GAPDH (Proteintech, 60004-1-Ig, 1:1000).



Quantitative RT-PCR

Cells were lysed in TRIzol Reagent and mixed with chloroform, then centrifuged at 12000 rpm for 10 minutes at 4°C. The upper aqueous phase was transferred to a clean tube and an equal volume of isopropanol was added. The samples were mixed and stored at −20°C overnight. The concentration of total RNA was measured by NanoDrop 2000 (Thermo Scientific, USA). cDNA was synthesized from 1 µg of RNA using a reverse transcription kit (Promega, USA), according to the manufacturer’s protocol. qRT-PCR was performed using the DNA Engine Opticon 2 Two-Color qRT-PCR detection system (Bio-Rad Laboratories, USA) and the results were normalized to the GAPDH. The following primers were used:

	PD-L1-F: AGGAGTACCTTGGCTTTGCC

	PD-L1-R: GCCTTGCTCAGCCACAATTC

	NEAT1-1F: CCAGTTTTCCGAGAACCAAA

	NEAT1-1R: ATGCTGATCTGCTGCGTATG

	NEAT1-2F: CTAGAGGCTCGCATTGTGTG

	NEAT1-2R: GCCCACACGAAACCTTACAT

	UBXN1-F: AGTGAAGAGGAAAGACAGGAA

	UBXN1-R: TTTGTCCCTCTCGATCTTTTC

	TNFα-F: CCCAGGCAGTCAGATCATCTTC

	TNFα-R: GGTTTGCTACAACATGGGCTACA

	IL1β-F: CCACAGACCTTCCAGGAGAATG

	IL1β-R: GTGCAGTTCAGTGATCGTACAGG

	IL8-F: GAGTGATTGAGAGTGGACCACACT

	IL8-R: AGACAGAGCTCTCTTCCATCAGAAA

	GAPDH-F: TGCACCACCAACTGCTTAGC

	GAPDH-R: GGCATGGACTGTGGTCATGAG





Flow Cytometry

For the detection of cell-surface PD-L1, cells were trypsinized and collected into a flow tube. The cells were incubated with 100 μL PBS by adding PE anti-human PD-L1 Antibody (329705, BioLegend; the dilution ratio is 1: 100) at room temperature for 1 hour. Then, the cells were analyzed via flow cytometer after washing with PBS.



RNA-Binding Protein Immunoprecipitation

RIP experiment was performed using the Magna RIP RNA-Binding Protein Immunoprecipitation Kit (Millipore, No.17-701) according to the manufacturer’s instructions. For high-throughput sequencing (RIP-Seq), the libraries were prepared following the manufacturer’s instructions and applied to the Illumina HiSeq X Ten system by ABlife. Inc (Wuhan, China). To further validate the RIP-Seq results, the RNA fraction, precipitated by RIP, was analyzed via RT-qPCR. The data presented in the study are deposited in the SRA repository, accession number PRJNA777377



Chromatin Immunoprecipitation

ChIP experiment was performed using the Magna ChIP Chromatin Immunoprecipitation Kit (Millipore, No.17-10085) according to the manufacturer’s instructions. The antibodies against H3K27me3 and NF-κB were purchased from Cell Signaling Technology (Denver, MA, USA). The primers used for UBXN1 have been described. The primers used for UBXN1 and PDL1 were as follows:

	UBXN1-F: GGCAGGGGAAATGATGGATA

	UBXN1-R: TAACCTGCCCACTCCATTAC

	PD-L1-1F: ACTGAAAGCTTCCGCCGATT

	PD-L1-1R: GAGGAACAACGCTCCCTACC

	PD-L1-2F: GGGTGGCAGAATATCAGGGAC

	PD-L1-2R: CGTGGATTCTGTGACTTCCTC

	PDL1-3F: ACCTGTAAACTGTATTGCCACA

	PDL1-3R: TGGTGACTGTAAGTTTGGGTGA

	PDL1-4F: AGGGTAGAAACAGGTGGGAA

	PDL1-4R: GAAAGCAGTGTTCAGGGTCTAC





Luciferase Reporter Assay

The expression vectors encoding PGL3-Basic-PD-L1WT and PGL3-Basic-PD-L1MUT were synthesized by Integrated Biotech Solutions (Shanghai, China). Briefly, the GBM cells were transfected with 0.5 μg of PGL3-Basic empty vector, PGL3-Basic-PD-L1WT and PGL3-Basic-PD-L1MUT by Lipofectamine 3000 (Invitrogen) separately. After incubation for 48 hours, luciferase activity was measured using the luciferase assay system (E1501, Promega) according to the manufacturer’s protocol.



In Situ Hybridization Histochemistry

The glioma tissues were surgically resected from patients at the Beijing Tiantan Hospital. The ISH experiments for NEAT1 were performed using the RNA ISH kit (Boster, China) according to the manufacturer’s instructions. The probes were designed and synthesized by Boster (Wuhan, China).



In Vivo Intracranial Patient-Derived Xenografts Model

Female BALB/C nude mice (4 weeks old) were used for intracranial GBM Patient-derived xenografts, and TBD0220 cells were used to construct the intracranial model. The cells were injected into the mice under the guidance of a stereotactic instrument at coordinates relative to bregma. Bioluminescence imaging was used to detect intracranial tumor growth by In Vivo Imaging System (IVIS) Spectrum. On day 21, the mice were sacrificed, and the brain tissues were removed. The brain tissue was then fixed in 10% formalin for 24 h, embedded in paraffin, and sectioned into 8 μm slices. All experiments were approved by the Animal Ethical and Welfare Committee of Tianjin Medical University. Kaplan-Meier survival curves were plotted to analyze the survival.



HE and Immunohistochemical Staining

The glioma tissues were surgically resected from patients at the Beijing Tiantan Hospital. The tissues were embedded in paraffin, sectioned, and stained with HE. IHC staining was performed as described previously. Staining intensity was quantified by a pathologist. Antibodies include Ki-67 (ZSGB-BIO, ZM-0167, 1: 100), Phospho-NF-κB (Cell Signaling Technology, 3033, 1:400), UBXN1 (Proteintech, 16135-1-AP, 1:200), PTRF (Proteintech, 18892-1-AP, 1:200), PD-L1 (Cell Signaling Technology, 13684, 1:400), CD8 (Proteintech, 66868-1-lg, 1:200).



PD-L1/PD-1–Binding Assay

Confocal laser scanning microscopy (CLSM) and flow cytometry were used to study the PD-L1/PD-1–binding in GBM cells. Cells were trypsinized and collected into a flow tube. Control and PTRF overexpressing TBD0220 cells were incubated with 5 μg/mL recombinant human PD-1 FC chimera protein (1086-PD-050, R&D Systems) at room temperature for 1 hour. After incubation, the cells were washed three times with PBS and incubated with anti-Human IgG (H+L) Cross-Adsorbed Secondary Antibody (Alexa Fluor 488) (A-11013, Thermo Fisher) for 1 hour at room temperature. For CLSM analysis, the cells were fixed with paraformaldehyde for 15 minutes at room temperature and further stained with DAPI for detecting the cell nucleus. CLSM images were observed by FV-1200 laser scanning confocal microscope (Olympus Corporation, Japan). For flow cytometry analysis, the cells were trypsinized and collected by centrifugation, then resuspended in PBS. The data were analyzed by FlowJo v10.6.2.



T Cell Cytotoxicity Assay

Control and PTRF overexpressing TBD0220 cells were separately transfected with siRNA for NEAT1 in DMEM/F12 medium. Human peripheral blood mononuclear cells (PBMC; CBP-002, StemEry) were maintained in DMEM/F12 medium. The PBMC cells were activated with 100 ng/mL CD3 antibody (317325, BioLegend), 100 ng/mL CD28 antibody (302933, BioLegend), and 10 ng/mL IL2 (589102, BioLegend) for 24 h. Then, activated PBMC cells were incubated with TBD0220 cells at 10:1 ratio in the presence of caspase-3/7 green detection reagent (C10723, Thermo Fisher, 1:1000) at 37°C for 12 hours according to the manufacturer’s protocol. The cell nuclei were visualized by staining with DAPI. All the images were observed using FV-1200 laser scanning confocal microscope (Olympus Corporation, Japan).



Clinical Information And Transcriptome Data of Glioma Patients

The clinical and RNA sequencing data sets of glioma patients in TCGA database were downloaded from the University of California Santa Cruz (UCSC) Xena Functional Genomics Explorer (https://xenabrowser.net/). CGGA-693 RNA sequencing data sets and Rembrandt microarray data were obtained from the Chinese Glioma Genome Atlas (CGGA) (http://www.cgga.org.cn/). All the RNA sequencing data were transformed by log2 (normalized count + 1).

PTRF-correlated genes were obtained by a filtering condition: Pearson correlation coefficients between the expression of PTRF and other genes ≥ 0.3 and p-value ≤ 0.05. GO-BP analysis of PTRF-correlated genes was performed by the cluster Profiler v3.18.0 R package and visualized by bubble charts. Tumor purity of glioma data in TCGA, CGGA, and Rembrandt databases was measured by estimate v1.0.13 R package. The univariant and multivariant cox analyses were employed by survival v3.1.12 R package and displayed as forest maps. The PNP score of each patient was calculated by the formula below, and overall survival data of patients with PNP score-high or low were shown as survival curves.

β-value (PTRF) × expression data (PTRF) + β-value (NEAT1) × expression data (NEAT1) + β-value (PD-L1) × expression data (PD-L1)



Statistical Analysis

All data visualization was performed using Microsoft Excel, GraphPad Prism 8 software, and R. Two-tail unpaired Student’s t-test was used to compare two experimental groups, and one-way or two-way ANOVA was used when comparing three or more experimental groups. All data represent the mean ± SD. A p-value less than 0.05 was considered statistically significant, ns = not significant. Significance was defined as *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.




Results


PTRF Increases PD-L1 Levels and Correlates With Immunosuppression in GBM

In this study, considering the immune-regulation function of PTRF, we assessed the relationships between PTRF and immune responses in GBM by examining GBM cases in public databases. We acquired the transcriptome data of glioma in CGGA, TCGA, and Rembrandt databases, and calculated the correlation between PTRF and other genes. The PTRF co-expression gene sets (r>0.3) were filtered out and interrogated by gene ontology (GO) enrichment analysis. GO-biological process (GO-BP) results show that the functions associated with T cell activation was significantly enriched (Figure 1A and Supplemental Figure 1A). Elevated expression of PTRF was associated with low tumor purity and had a positive correlation with the expressions of genes, involved in tumor immunity (Figure 1B, Supplemental Figure 1B). The correlation between PTRF and the representative genes of immune cells in TCGA, CGGA, and Rembrandt databases, were calculated and visualized as scatter maps (Figure 1C and Supplemental Figure 1C). We found that the expression of PTRF positively correlated with PD-L1 (correlation coefficient of 0.56), suggesting that PTRF may regulate PD-L1. To investigate the regulation of PD-L1 by PTRF, we stably overexpressed PTRF in primary GBM cell lines (N9 and TBD0220) by transfecting lentivirus. We conducted immunoblotting analysis of cultured N9 and TBD0220 cells and found that PTRF overexpression promoted the increase of PD-L1 protein levels in N9 PTRF and TBD0220 PTRF cells compared with their respective control cells (Figure 1D and Supplemental Figure 1D). Real-time quantitative PCR (RT-qPCR) determined that the mRNA level of PD-L1 was increased in N9 PTRF and TBD0220 PTRF cells compared with the control cells (Figure 1E).




Figure 1 | PTRF increases PD-L1 levels and correlates with immunosuppression in GBM. (A) Gene ontology enrichment analysis of genes that are positively associated with PTRF in the CGGA GBM database. (B) Heatmap showing the relationship between PTRF, low tumor purity, and genes regulating immunity in the CGGA GBM database. (C) The correlation between PTRF, CD80, PDCD1, CTLA4, and PD-L1 levels in the CGGA GBM database, measured by Pearson’s correlation test. (D) Western blot analysis of PD-L1 expression in primary GBM cells (N9 and TBD0220; both control and PTRF overexpression cells). (E) Relative mRNA level of PD-L1 in control and PTRF overexpressing cells. (F) Flow cytometry analysis of PD-L1 in control and PTRF overexpressing cells. ****p ≤ 0.001.



We further employed flow cytometry to interrogate the PD-L1 level changes on the cell membranes of N9 and TBD0220 cells overexpressed PTRF. We confirmed that PD-L1 protein levels were higher in the PTRF overexpressing cells compared with the control cells (Figure 1F). We verified the effect of PTRF on PD-L1 by PTRF knock-down in N9 and TBD0220 cells. The mRNA and protein level of PD-L1 was significantly decreased by PTRF knockdown in N9 and TBD0220 cells compared with their respective control cells (Supplemental Figures 1E, F). These results show that PTRF regulates the expression of PD-L1 at the transcription level in GBM cells.



PTRF Maintains mRNA Stability of lncRNA NEAT1

PTRF is a novel non-canonical RNA-binding protein (RBP) (22) and participates in the transcription regulation of PD-L1 in GBM. To investigate the potential mechanism of PTRF as an RBP affecting the expression of PD-L1, we performed RBP immunoprecipitation-coupled high-throughput sequencing (RIP-Seq) by Illumina HiSeq X Ten system in N9 cells with PTRF-Flag over-expression (Figure 2A). The experiments were biologically repeated twice and the clean reads were mapped to the human reference genome (GRCh38) using TopHat2. The reads were analyzed for PTRF-associated RNA sequences after normalization by three computational methods: (a) CIMS, (b) Piranha, and (c) ABlife. Based on screening with two replicates by three different computations, we identified ten long noncoding RNAs (lncRNAs) as potential PTRF-associated RNA molecules (Figure 2B).




Figure 2 | PTRF interacts with LncRNA NEAT1 and maintains its mRNA stability. (A) Schematic of RIP-seq analysis in primary GBM cells with PTRF overexpression. (B) Venn diagrams showing the number of peaks associated with lncRNA that overlap between two repeated experiments by three computational methods: (a) CIMS, (b) Piranha, and (c) ABlife. Ten lncRNAs were identified as potential PTRF-associated RNA molecules. (C) Venn diagrams of results for potential lncRNAs between PTRF RIP-Seq, TCGA, CGGA, and Rembrandt database. (D) The Kaplan–Meier curves of patients with high or low lncRNA NEAT1 expression (the TCGA database and CGGA database). (E) The correlation between PTRF and NEAT1 levels in the TCGA and CGGA GBM database. (F) RIP-qPCR verification of RIP-Seq results with PTRF antibodies for the enrichment of NEAT1 in N9 and TBD0220 cells. (G) The relative level of NEAT1 in control and PTRF overexpressing cells (left). The level of NEAT1 after PTRF knockdown in N9 and TBD0220 cells (right). (H) RT-qPCR analysis of NEAT1, treated with actinomycin D (ActD) at the indicated time points in N9 and TBD0220 cells. ***p ≤ 0.001 and ****p ≤ 0.001.



To clarify the function of PTRF as RBP, we performed the co-expression analysis to identify PTRF-related lncRNAs (r > 0.3) in TCGA, CGGA, and Rembrandt glioma databases. We overlapped the lncRNAs data from RIP-Seq results and public GBM databases. The cross‐comparison of the four lists revealed that nuclear enriched abundant transcript 1 (NEAT1) is the lncRNA that interacts with PTRF (Figure 2C). Patients with a high level of NEAT1 had shorter overall survival times compared with those with low NEAT1 expression (Figure 2D and Supplemental Figure 2A). Further, we found a significant correlation between PTRF and NEAT1 in TCGA (r = 0.49), CGGA (r = 0.57), and Rembrandt (r = 0.49) databases (Figure 2E and Supplemental Figure 2B). RBP immunoprecipitation–coupled RT-qPCR was performed in N9 and TBD0220 cells in which the cell lysates were followed by IP with the antibody against PTRF. Given that two transcripts of NEAT1, NEAT1_1 (3.7 kb) and NEAT1_2 (23 kb), we designed two pairs of primers for PCR amplification, respectively. Quantitative PCR analysis showed the enrichment of NEAT1_1 and NEAT1_2 in the PTRF group, compared with the IgG group, validating the RIP-Seq results. The enrichment of NEAT1_1 was significantly higher than that of NEAT1_2 in RBP immunoprecipitation (Figure 2F).

To verify the effect of PTRF on NEAT1, we conducted quantitative PCR analysis to determine that the mRNA level of NEAT1_1 was increased in N9 PTRF and TBD0220 PTRF cells than control cells. The mRNA level of NEAT1_1 was significantly decreased by PTRF knockdown in N9 and TBD0220 cells (Figure 2G). The effect of PTRF on NEAT1_2 is consistent with the results of NEAT1_1 (Supplemental Figures 2C, D). Considering the pivotal role of RBP in post-transcriptional regulation, we investigated whether PTRF regulated the stability of NEAT1 with actinomycin D (ActD) blocking mRNA synthesis. We conducted a quantitative PCR–based time curve (0–8 h) analysis of NEAT1, which showed that PTRF resulted in significantly lower degradation of NEAT1 level (Figure 2H and Supplemental Figure 2E).



PTRF Suppresses UBXN1 Expression and Promotes the Activity of NF-κB via NEAT1

The genes that positively correlated with PTRF were found to be closely related to the NF-κB signaling pathway (Figure 1A). Since, NF-κB plays a crucial role in the immune response and PD-L1 regulation, we explored the role of NEAT1 in the regulation of NF-κB in a PTRF-dependent manner. We previously demonstrated that the PRC2 complex promoted NF-κB activity via the trimethylation of H3K27 (H3K27me3) in the UBXN1 promoter (23, 24). Based on the interaction between NEAT1 and EZH2, we designed siRNA to knock-down NEAT1 expression. The level of UBXN1 was significantly decreased by PTRF overexpression in N9 and TBD0220 cells, and this decrease was reversed by NEAT1 knockdown (Figure 3A). Further, the level of UBXN1 was significantly increased in PTRF knockdown cells compared with the control cells (Figure 3B). We next performed chromatin immunoprecipitation (ChIP)-qPCR analysis to evaluate the chromatin state of the UBXN1 promoter and found that the enrichment levels of H3K27me3 were increased at the UBXN1 promoter region in cells overexpressing PTRF (Figure 3C). Further, knockdown of PTRF or NEAT1 reduced H3K27me3 enrichment at the UBXN1 promoter region in N9 and TBD0220 cells (Figure 3D).




Figure 3 | (A) RT-qPCR analysis of UBXN1 in N9 and TBD0220 cells with or without PTRF overexpression, as well as treatment with NEAT1 knockdown. (B) The mRNA level of UBXN1 after PTRF knockdown in N9 and TBD0220 cells. (C) ChIP-PCR analysis of the ability of H3K27me3 to bind to the UBXN1 promoter using H3K27me3 antibody in N9 and TBD0220 cells with or without PTRF overexpression. (D) ChIP-PCR analysis of the ability of H3K27me3 to bind to the UBXN1 promoter normalized to IgG with PTRF or NEAT1 knockdown in N9 and TBD0220 cells, respectively. (E) Western blot analysis of UBXN1, NF-κB, and P-NF-κB expression in primary GBM cells (N9 and TBD0220) with or without PTRF overexpression, as well as treatment with NEAT1 knockdown respectively. (F) Western blot analysis of UBXN1, NF-κB, and P-NF-κB expression with PTRF knockdown in N9 and TBD0220 cells. (G) The Luciferase activity of NF-κB in N9 and TBD0220 cells with or without PTRF overexpression, as well as treatment with NEAT1 knockdown respectively. (H) The mRNA level of NF-κB downstream target genes, including TNFα, IL-1β, and IL-8 in N9 and TBD0220 cells with PTRF overexpression. *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, and ****p ≤ 0.001.



We next investigated how PTRF regulates the activity of NF-κB. PTRF overexpression decreased the proteins level of UBXN1 (Figure 3E and Supplemental Figure 3A) and increased the nuclear levels of p-NF-κB in N9 and TBD0220 cells, which were reversed by knocking down NEAT1 (Figure 3E and Supplemental Figure 3B). In contrast, knockdown of PTRF increased the UBXN1 proteins level (Figure 3F and Supplemental Figure 3C) and decreased the nuclear levels of p-NF-κB (Figure 3F). In addition, we cultured N9 and TBD0220 cells with lentivirus vector expressing a NF-κB luciferase construct. Luciferase reporter assay showed that the activity of NF-κB was significantly up-regulated by overexpression of PTRF in N9 and TBD0220 cells and the effect was reversed by NEAT1 knockdown (Figure 3G). Knockdown of PTRF decreased the luciferase activity of NF-κB reporter (Supplemental Figure 3D). We also detected the expression of NF-κB target genes, confirming that NF-κB was activated by PTRF overexpression in N9 and TBD0220 cells (Figure 3H). PTRF knockdown produced the opposite effects (Supplemental Figure 3E). These results suggest that PTRF suppresses UBXN1 expression and promotes the activity of NF-κB via NEAT1.



PTRF Contributes to GBM Proliferation Through the UBXN1/NF-κB Axis by Regulating NEAT1 In Vivo

To further verify the role of the PTRF/NEAT1/NF-κB axis in vivo, we established an intracranial GBM patient-derived xenografts model in BALB/c nude mice. We transfected TBD0220 and TBD0220 PTRF cells with NEAT1 siRNA respectively. The bioluminescence imaging showed that PTRF overexpression resulted in a significant increase in tumor growth. NEAT1 knockdown reduced the growth of the tumor and attenuated the tumor growth induced by PTRF (Figures 4A, B). The mice bearing tumors, derived from the PTRF overexpressing cells, showed poor survival compared with the control group by Kaplan–Meier survival curves. NEAT1 knockdown group had a longer survival time compared with their respective control groups (Figure 4C). Similar results could be found in Hematoxylin-Eosin (H&E) staining that NEAT1 knockdown partly reverse the promotion of GBM proliferation induced by PTRF (Figure 4D). The expression of NEAT1 was increased in the PTRF overexpressing group compared with the control group (Figure 4E). Overexpression of PTRF resulted in a significant decrease in UBXN1 and an increase in Ki-67 and p-NF-κB (Figure 4E). NEAT1 knockdown significantly increased the level of UBXN1 and decreased the level of Ki-67 and p-NF-κB (Figure 4E). These data suggest that PTRF regulates NEAT1 and promotes GBM proliferation through the UBXN1/NF-κB axis.




Figure 4 | PTRF contributes to GBM proliferation through the UBXN1/NF-κB axis by regulating NEAT1 In Vivo. (A) Representative tumor bioluminescence images of mice at 7, 14, and 21 days post tumor implantation. (B) Tumor growth curves using quantification of bioluminescence imaging signal intensities for mice bearing GBM with or without PTRF overexpression, as well as treatment with NEAT1 knockdown respectively. (C) Kaplan-Meier survival curve of nude mice implanted with TBD0220 cells with or without PTRF overexpression, as well as treatment with NEAT1 knockdown respectively. (D) Representative images of H&E staining of tumors from the nude mice. (E) ISH staining of NEAT1 in tumors (left). IHC staining of UBXN1, P-NF-κB, and Ki-67 in tumors (right). Scale bar, 50 μm. *p ≤ 0.05, **p ≤ 0.01, and ****p ≤ 0.001.





The NF-κB Binds to the PD-L1 Promoter Region in Response to PTRF Activation and Enhances PD-L1 Transcription

To identify the binding sequence of NF-κB in the promoter region of PD-L1, we analyzed the PD-L1 promoter and found four putative binding sites for NF-κB in the PD-L1 promoter region (25). Four pairs of primers with CHIP-qPCR for PD-L1 promoter were designed respectively. The sonicated chromatin from PTRF overexpression in N9 and TBD0220 cells was immunoprecipitated with an anti-NF-κB antibody, and only one fragment was amplified in N9 PTRF and TBD0220 PTRF cells compared with control cells by PCR, indicating (–111)-GGAAAGTCCA- (–102) as a consensus sequence recognized by NF-κB (Figure 5A). We constructed a luciferase reporter driven by the PD-L1 promoter that contains the WT or a mutated potential NF-κB-binding sequence (Figure 5B). We transfected the luciferase reporter construct into N9 and TBD0220 cells and measured luciferase activity. PTRF overexpression in N9 and TBD0220 cells significantly increased the activity of the WT but not of mutated promoter, indicating that PTRF increased the binding of NF-κB to PD-L1. The knockdown of PTRF reduced the luciferase activity driven by the PD-L1 promoter in N9 and TBD0220 cells (Figure 5C). A similar inhibitory effect was also observed by NEAT1 knockdown in N9 and TBD0220 cells (Figure 5D). These results demonstrate that NF-κB binds to the PD-L1 promoter region and enhances the PD-L1 transcription in response to PTRF activation in GBM cells, and this regulation is mediated via one of the NF-kB binding sites (-111 to -102 nt region).




Figure 5 | PTRF enhances PD-L1 transcription via NF-κB and promotes immune evasion of GBM cells through PD-L1. (A) ChIP-PCR analysis of the ability of NF-κB to bind to the PD-L1 promoter in N9 and TBD0220 cells with or without PTRF overexpression. Results are normalized to IgG. (B) Schematic illustration of the proximal region of the human PD-L1 promoter. (C) N9 and TBD0220 cells (with the expression of empty vector or PTRF) were transfected with a luciferase reporter vector containing WT or mutated NF-κB sequence of PD-L1 promoter. (D) N9 and TBD0220 cells with PTRF or NEAT1 knockdown were transfected with a luciferase reporter vector containing WT or mutated NF-κB sequence of PD-L1 promoter. (E) Flow cytometry analysis of PD-1 binding in TBD0220 cells with or without PTRF overexpression. (F) Quantification of fluorescence intensity in (E). The y axis represents the mean fluorescence intensity of PD-1. (G) Immunofluorescence staining of control and PTRF overexpressing cells. PD-1 (green), Nuclei (blue), scale bar, 20 μm. (H) Quantification of fluorescence intensity in (G). (I) T cell killing assay of TBD0220 cells with or without PTRF overexpression, as well as treatment with NEAT1 knockdown respectively. caspase3/7 cleavage (green), Nuclei (blue), scale bar, 20 μm. **p ≤ 0.01, ***p ≤ 0.001, and ****p ≤ 0.001.





PTRF Promotes Immune Evasion of GBM Cells by Affecting PD-1 Binding and PD-L1–Mediated T Cell Toxicity

Previous studies have shown that elevated PD-L1 expression in tumor cells mediates T cell tolerance and activates anti-tumor immunosuppression (10, 12). To determine whether PTRF regulation on PD-L1 may affect its interaction with PD-1, we incubated a recombinant protein containing human PD-1 and Fc fragment of IgG with TBD0220 cells. We found that PTRF overexpression increased PD-1 binding on the TBD0220 cell surface compared with the control cells (Figures 5E, F). Immunofluorescence assays revealed that overexpression of PTRF was accompanied by high expression of PD-1 (Figures 5G, H), indicating that PTRF significantly increased PD-1 binding on the GBM cell surface, which is consistent with the flow cytometry results. Furthermore, PTRF overexpression decreased the sensitivity of GBM cells to T cell-mediated cytotoxicity. The knockdown of NEAT1 sensitized GBM cells to T cell-mediated cell death and attenuated the immune evasion induced by PTRF in GBM (Figure 5I). These results demonstrate that PTRF alters PD-1 binding and T cell-mediated cytotoxicity through regulation of PD-L1 expression in GBM.

To further assess relationships between PTRF, NEAT1, and PD-L1 in GBM, we chose tissue samples of GBM patients with high or low PTRF expression. GBM patients with high PTRF-expression had high levels of NEAT1 and p-NF-κB, showing that PTRF significantly correlates with NEAT1 and p-NF-κB (Figure 6A). Furthermore, high levels of PTRF positively correlated with PD-L1 expression and inversely correlated with CD8+ T cell infiltration in GBM (Figure 6A). These results suggest a role of PTRF in PD-L1 regulation and immune evasion in GBM.




Figure 6 | The relationships between PTRF, NEAT1, and PD-L1 in GBM. (A) IHC or ISH staining of PTRF, NEAT1, P-NF-Kb, PD-L1, and CD8 in four representative GBM specimens. Scale bar, 50 μm. (B) Univariate and multivariate Cox analyses of PTRF, NEAT1, and PD-L1 expression in the TCGA databases. (C) The Kaplan–Meier curves for patients with different expressions of PTRF, NEAT1, and PD-L1.



To evaluate the prognostic relevance of PTRF, NEAT1, and PD-L1 expression, we analyzed glioma data from TCGA, CGGA, and Rembrandt databases. As shown in Figure 6B and Supplemental Figure 4, high expressions of PTRF, NEAT1, and PD-L1 are independent poor prognostic markers. Next, we integrated the expression levels of these genes and evaluated the suggestive effect of the PNP geneset (PTRF-NEAT1-PD-L1) on the prognosis of GBM patients. We show that a higher level of PNP indicates a shorter survival time in patients with glioma in TCGA, CGGA, and Rembrandt databases (Figure 6C).




Discussion

In this study, we show that PTRF induces the stability of lncRNA NEAT1 and promotes the activity of NF-κB, leading to PD-L1 mediated immune evasion in GBM (Figure 7). According to previous studies, PTRF plays different roles in different types of tumors. PTRF inhibits tumor metastasis in prostate cancer and tumorigenesis in colorectal cancer (26, 27). In contrast, PTRF promotes the progression of pancreatic cancer and proliferation of rhabdomyosarcoma (28, 29). The tumor-promoting effect of PTRF in gliomas is widely recognized. Previously, we showed that the expression of PTRF positively correlates with the WHO grade of glioma, and the prognosis of glioma patients with high PTRF expression is worse (15). We further found a reduction in the number of CD8+ T cells and CD8+ T cells mediated cytotoxic activity in tumor tissues with PTRF overexpression (19). In this study, we demonstrated that PTRF increases the expression of PD-L1 and promotes immune evasion in GBM.




Figure 7 | The mechanistic model showing how PTRF/Cavin-1 stabilizes lncRNA NEAT1 to maintain the activity of NF-κB and promote immune evasion via PD-L1 in glioblastoma.



Recently studies have shown that lncRNAs play a crucial roles in regulating immunity, including the activation and function of macrophages and T cells (30). One such lncRNA is NEAT1. Previous studies have found that NEAT1-knockout mice have abnormalities in their Treg and Th cell differentiation (31). NEAT1 has also been found to target STAT3 and regulate the differentiation of Th17 cells in rheumatoid arthritis (32). Imamura et al. found that NEAT1 activate the transcription of IL-8 by removing SFPQ from the IL-8 promoter (33). Knockdown of NEAT1 also limits the apoptosis of CD8+ T cells through the miR-155/Tim-3 pathway (34). Although NEAT1 has been studied in immune response, the relationship between NEAT1 and PD-L1 remains unclear. In this study, we found that NEAT1, induced by PTRF, mediates PD-L1 regulation and promotes immune evasion in GBM.

UBXN1 is a UBX domain-containing protein which inhibits NF-κB activation. The knockdown of UBXN1 decreases the stability of IκBα and enhances NF-κB signaling (35). In addition, UBXN1 is the negative regulator of NF-κB signaling and interacts with cIAPs through the UBA domain (36). YTHDF2 was also shown to accelerate UBXN1 mRNA degradation via METTL3−mediated m6A, promoting the activation of NF−κB (37). Our previous study found that UBXN1 is also a target for EZH2 mediated H3K27me3, and is regulated by EGFR and lncRNA PRADX (23, 24). In addition, we also detected that lncRNA NEAT1 binds to EZH2 and mediates the trimethylation of H3K27 in their promoters (38), which regulated by EGFR pathway activity. From the discussion above, we further demonstrated that PTRF maintains the stability of NEAT1 to suppresses UBXN1 expression and activate NF-κB activity.

Although the expression of PD-L1 is regulated by multiple mechanisms, transcriptional regulation plays an important part in its regulation in cancer. MYC was shown to directly bind to the promoter of PD-L1 and enhanced the expression of PD-L1, regulating the anti-tumor response in mouse tumors and human tumor cells (39). Interferon regulatory factor-1 (IRF-1), a transcription factor, regulates the constitutive and IFN-γ-mediated PD-L1 expression in human lung cancer cell (40). In classical Hodgkin lymphoma, AP-1-responsive enhancer in the PD-L1 gene binds to the PD-L1 enhancer and increases the activity of PD-L1 promoter (41). Recently, MUC1-C was found to activate PD-L1 transcription by recruiting MYC and NF-κB to the PD-L1 promoter region in triple-negative breast cancer (42). Our study identified another novel mechanism of PD-L1 regulation in cancer—PTRF induces the binding of NF-κB to the PD-L1 gene promoter region and enhances PD-L1 transcription in GBM.
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With the gradual understanding of tumor development, many tumor therapies have been invented and applied in clinical work, and immunotherapy has been widely concerned as an emerging hot topic in the last decade. It is worth noting that immunotherapy is nowadays applied under too harsh conditions, and many tumors are defined as “cold tumors” that are not sensitive to immunotherapy, and brain tumors are typical of them. However, there is much evidence that suggests a link between DNA damage repair mechanisms and immunotherapy. This may be a breakthrough for the application of immunotherapy in brain tumors. Therefore, in this review, first, we will describe the common pathways of DNA damage repair. Second, we will focus on immunotherapy and analyze the mechanisms of DNA damage repair involved in the immune process. Third, we will review biomarkers that have been or may be used to evaluate immunotherapy for brain tumors, such as TAMs, RPA, and other molecules that may provide a precursor assessment for the rational implementation of immunotherapy for brain tumors. Finally, we will discuss the rational combination of immunotherapy with other therapeutic approaches that have an impact on the DNA damage repair process in order to open new pathways for the application of immunotherapy in brain tumors, to maximize the effect of immunotherapy on DNA damage repair mechanisms, and to provide ideas and guidance for immunotherapy in brain tumors.
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Introduction

DNA is a nucleic acid that is a key material essential for the body to function properly. However, DNA is affected by various endogenous and exogenous factors every day, such as ionizing radiation, benzene, Epstein-Barr virus and other physical, chemical and biological factors (1), and internal due to the activation of proto-oncogenes (2). Fortunately, the body has a variety of DNA repair pathways to correct and repair the damaged location in a timely manner to ensure the stability and integrity of the eukaryotic genome. There are currently known DNA damage repair pathways, namely: mismatch repair (MMR), base excision repair (BER), nucleotide excision repair (NER), homologous recombination repair (HRR), nonhomologous end-joining (NHEJ). Among them, both HRR and NHEJ are used to repair double strand breaks (DSBs) (3). Once the damage mechanism is dysregulated, the stability of the genome will be disrupted and cells will suffer various damages such as inflammation, aging and even cancer (4, 5). For example, MMR defects can increase the risk of hereditary colon cancer (6), and BER defects can increase the risk of lung cancer (7). Meanwhile, the exploration of tumor immunotherapy is rapidly evolving. Unlike traditional tumor treatments, tumor immunotherapy aims to restore the body’s normal anti-tumor immune response by initiating the tumor immune cycle to accomplish the recognition and clearance of tumor cells (8). This property allows immunotherapy to maintain longer survival or even achieve clinical cure by the body’s own action once the immune system in the body is awakened. Currently, the following immunologic agents are approved by the FDA and used in clinical work (Table 1). However, immunotherapy is extremely selective in terms of target populations and not all tumor patients benefit from immunotherapy. For example, brain tumors are a class of “cold tumors” in the immunological sense. Due to their unique tumor immune microenvironment (TME), they are the least sensitive to immunotherapy. Currently, surgery, radiation and chemotherapy are still widely accepted in brain tumors. Meanwhile, neurorestorative treatment have also emerged in recent years and have been shown to repair the function of damaged nerves in some sense (9). For example, olfactory ensheathing cells, with their superior ability to integrate and repair nerves (10, 11), interact with glial scars to stimulate vascular and axonal growth (12), in order to repair brain nerves after tumor damage and help restore brain function (13). In contrast to these rapid developments, immunotherapy, which has achieved superior therapeutic results in other tumors, remains ineffective in brain tumors. But, since tumor cells also depend on DNA damage repair pathways for their survival and reproduction as normal cells do (14), then rational disruption of the DNA damage repair pathways of tumor cells is a major way to overcome tumors. This mechanism has been used in brain tumor cell therapy for a long time, and many radiotherapy and chemotherapy treatments are based on it. Then, the use of DNA damage repair mechanism to improve the effect of brain tumor immunotherapy is a breakthrough, and whether this mechanism can be used to complete the immunotherapy of “cold tumors” is the focus of this paper. The purpose of this paper is to discuss this idea in the following four aspects. First, we review the specific process of DNA damage repair and identify key site that may influence immunotherapy. Second, the repair mechanisms involved in the action of the most common immunotherapy, immune checkpoint inhibitors, will be described. Subsequently, we will screen existing or potential site from the DNA damage repair process, assess their place in brain tumor immunotherapy, and discuss their feasibility and predictiveness as biomarkers for brain tumor immunotherapy. Finally, based on the process of DNA damage repair, it is reasonable to think about the feasibility of combining immunotherapy with other therapeutic approaches applying this principle, which is currently a hot research direction for the rational inclusion of immunotherapy in the brain tumor population. To explore the place of DNA damage repair in immunotherapy of brain tumors and its broad development prospect, and to provide some clinical guidance.


Table 1 | FDA-approved immunotherapies.





DNA Damage Repair Pathways

There are five common DNA damage repair pathways that play a key role in maintaining genome stability, and they are briefly described below (Figure 1).




Figure 1 | DNA damage repair pathway.




Mismatch Repair (MMR)

The main targets of MMR in the correction of DNA damage are base-base mismatches and insertion/deletion mispairs. Essential proteins in the MMR process, to which MutSα and MutSβ are sensitive to these misconfigurations (15). MutSα (MSH2-MSH6) recognizes mismatches and smaller nucleotide alterations and functions as a molecular switch after identifying the repair pathway to be initiated. MutSβ (MSH2-MSH3) is responsible for detecting larger nucleotide insertion/deletion and bends the DNA double helix after damage is detected, providing the basis for subsequent repair (16). During the execution of MMR, MutSα/MutSβ is the first to spot the damage areas and recruit at the damage sites. In the meantime, MutLα is assigned to exert endonuclease activity to cleave the single strand of DNA at the mismatch site. Subsequently, PCNA, EXO1 and other proteins act on the site to separate the mismatched part from the DNA strand. Finally, polymerase δ and DNA ligase 1 (LIG1) function together to fill the gap that appears after the trimming, completing the MMR process (17).



Base Excision Repair (BER)

The BER pathway is often used to correct the deamidation and alkylation of bases in DNA molecules. The core component of the BER pathway is DNA glycosylase, which can be divided into two categories according to their functions (18). One class is monofunctional DNA glycosylases, such as UNG, MBD4, MYH, etc. The other has both 3’AP lyase activity and glycosylase activity, and the common ones are OGG1, NTH1, etc. (19) The DNA glycosylase then catalyzes the cleavage of the damaged site, exposing an AP site. Apurinic/apyrimidinic endonuclease 1 (APE1) cis-activates the DNA strand at the location of the AP site, yielding an independent 3’-hydroxyl fragment of DNA (16). This fragment will serve as a template to guide XRCC1 and DNA polβ to reinsert the missing bases and complete the filling of the processed deletion site (20). Finally, the break site is ligated by DNA ligase 3 (LIG3), and the whole BER process is completed (21).



Nucleotide Excision Repair (NER)

NER is the only one among all DNA damage repair pathways that can correct UV-photolesions. In addition, NER also plays an important role in the repair of reactive oxygen species (ROS) induced base alterations, and intrastrand crosslinks (22). NER has been divided into two pathways depending on the target audience. One is global genomic repair (GG-NER), which plays a role in correcting genome-wide errors. The other is TC-NER, which only targets errors in the transcriptional strand of active genes for repair. These two are different in the early stage but are consistent in the late stage (23). In GG-NER, XPC and UV-DDB are the key genes in the process, DDB can be divided into DDB1 and DDB2 (XPE), and in general, XPC can directly identify DNA molecules with abnormal helix structure (24). However, there exist some complex situations that do not support correction in the above manner. Such cases would require that the damaged site is first identified by DDB2 and subsequently DDB1 is recruited and forms a complex structure with it. XPC can identify the DDB complex anchored to the DNA double helix and through this process complete the exclusion of the abnormal helix and the recruitment of TFIIH. The TC-NER pathway does not use the above-mentioned genes to exclude the distorted helix, but rather RNAP II, CSB, and CSA to initiate the error site recognition mechanism. The next link in both pathways is the same. Both direct the XPA to verify the site of injury and then complete the recruitment of replication protein A (RPA) (25). The role of RPA lies in its ability to bind to the template strand, which is ssDNA complementary to the damaged DNA strand, to keep it free from interference by other related factors and to ensure the accuracy of genetic information (26). Immediately afterwards, TFIIH forms a complex with XPB, XPD to unwind the helical structure at the wrong site (27). Subsequently, XPF and XPG incise the 5’ and 3’ single/double strand junction respectively. Meanwhile, PCNA, polδ, and polϵ are responsible for reconstructing the correct DNA fragment based on the template strand and filling it in the deletion. Finally, the scattered DNA fragments are connected by LIG1/XRCC1-ligase3 to restore the integrity of the DNA structure (28).



Non-Homologous End Joining (NHEJ)

DSB is one of the most serious types of DNA damage, because it involves a wider region and more damaged fragments, which is more likely to cause damage to genomic stability and enhance susceptibility to many diseases. NHEJ and HR are two common DNA damage repair pathways that target DSBs. NHEJ can function in any process of the cell cycle, thanks to its repair independent of homologous sequences. DNA double-strand breaks are initially recognized by Ku70 (XRCC6)/Ku80 (XRCC5), which binds to the exposed broken ends after damage. This process has several important functions. First, Ku70/Ku80 binds to the break end and protects it from damage by other related enzymes. Second, this process provides the conditions for subsequent anchoring of DNA PKcs, which has a low affinity for the DNA duplex and can reach more than one hundred times the original affinity in the presence of Ku70/Ku80. Furthermore, the binding of Ku70/Ku80 to the broken ends can also improve the binding ability of XRCC4, LIG4, etc. to DNA ends, laying the foundation for the final processing (29). After Ku70/Ku80 binds to DNA broken ends, DNA PKcs interacts with Ku70/Ku80 to form a complex and complete anchoring (30). At the same time, Artemis is activated and given the ability to cut the DNA strand (29). Next, the DNA ends are treated by Artemis by endo-nucleation and XRCC4 activates LIG4 and forms a complex with it to act on the treated broken ends. The ligation of the DNA strand is done with the help of XLF, PNK and other substances. The NHEJ pathway is efficient and convenient for repairing damaged DNA double strands in a short period of time. Unfortunately, this approach is not precise enough, and the repair process is prone to fragment deletion and incorrect insertion.



Homologous Recombination (HR)

The HR pathway is another repair pathway for DSBs besides NHEJ. Compared with NHEJ, the HR pathway can make the genome more precise and even identical to that before the injury. However, in contrast, the HR pathway exists only in S and G2 phases because sister chromatid must be present in the HR process to provide the homologous sequences necessary for repair. First, the damaged DNA ends are recognized by the MRE11-RAD50-NBS1 (MRN) complex, and then the damaged DNA segments are excised along the 5’ to 3’ direction in association with the C-terminal interacting protein (CtIP) to form single-stranded DNA (31). After this, BLM, EXO1 work together to provide the conditions for RPA anchoring on ssDNA, and the binding of RPA to ssDNA both replaces the faulty part of the structure and ensures the conformational stability of the exposed part of ssDNA. After this process is completed, Rad51, the most important protein in the HR pathway, will play a role in the replacement of RPA with the help of proteins such as BRCA2, Rad52, paralogs of Rad51 (32) and search for a template homologous to the damaged segment on the sister chromatid, which is also known as D-loop formation, which is crucial for the HR pathway to ensure accurate repair. Finally, DNA polymerase is used to synthesize a new DNA fragment based on the selected template, and LIG1 completes the ligation of the newly synthesized fragment to the initial fragment to repair the damaged DNA double strand (33).




DNA Damage Repair Is Related to Innate Immunity and Tumor Immune Escape

In Table 1, we have listed several methods currently approved by the FDA for tumor immunotherapy. Among them, immune checkpoint inhibitors (ICI) have been shown to have powerful immunotherapeutic activity. The role of DNA damage repair in the process of innate immunity has been confirmed. Next, since this section has already been reviewed by researchers, we will briefly describe important pathways in the immune response, explain the role of DNA damage repair in the process of tumor immune escape, and further analyze the mechanism of ICI targeting PD-1/PD-L1 (Figure 2).




Figure 2 | cGAS-STING pathway and ICI mechanism of action. In cGAS-STING pathway, cGAS binds to dsDNA and is subsequently activated to produce cGAMP. The latter interacts and activates STING on the endoplasmic reticulum membrane. STING then further confers TBK1 activity and sets the stage for TBK1 phosphorylation of IRF3, thus completing the recruitment of TBK1 and IRF3 by STING. Type I IFN is generated under the influence of IRF3 and functions to activate the immune system.




cGAS-STING Pathway

STING enables surveillance of tumor cells and participates in the innate anti-tumor immune process by inducing apoptosis. cGAS generates cGAMP that can interact with STING by binding to dsDNA (34). It also confers the ability to phosphorylate IRF3 by TBK1, thus completing the recruitment of TBK1 and IRF3 (35). Subsequently Type I IFN, which has an activating effect on the immune system (36, 37), is produced and exerts direct and indirect antitumor effects by promoting the production of perforin and granzyme by CTL and NK cells (10, 38, 39).



Association of PD-1 and PD-L1 With Tumor Immune Escape

PD-1 is mainly expressed on activated T cells, B cells and macrophages (40). T cells can gain the ability to eliminate tumor cells by expressing PD-1 (41). However, tumor cells and APCs can express PD-L1, the ligand of PD-1 (42, 43) (Figure 1). By binding to PD-1, TIL apoptosis is induced on the one hand and CD4+ differentiation into regulatory cells (Treg) is stimulated on the other hand (44, 45). Weakening the recognition of tumor cells by T cells (46) and completing the immune escape (47). Anti-PD-1/PD-L1 destroys this process to wake up the immune response and prevent tumor cells from escaping.




Targeted DNA Damage Repair to Explore Immunotherapy Biomarker

Glioblastoma (GBM) in brain tumors, one of the most lethal solid tumors, has a median survival rate of only 12-15 months despite various therapeutic modalities such as surgical resection, radiation therapy chemotherapy, and others have been carried out (48). Aggressive tumors like GBM possess cancer-resistant stem cells (CSCs) with a high capacity for self-renewal. The ability to acquire such strong self-healing characteristics is mainly due to the outstanding DNA damage repair capacity of GBM cells. Then, it is possible to increase the immunotherapy of brain tumors by disrupting the DNA damage repair process of brain tumors. And to identify cells or factors that may have a directive effect on TME, and use them as biomarkers to assess the feasibility and predict the effect of immunotherapy. Therefore, we tried to find biomarkers that have been applied or have potential value in the DNA damage repair pathway to provide guidance for the development of immunotherapy in brain tumors.


Approved Biomarkers


GSCs

Glioma stem cells (GSCs) are a highly treatment-resistant population of GBM microenvironment components that assume a crucial role in tumor initiation, progression, and recurrence (49). During the early stages of tumorigenesis, GSCs have a major role in maintaining the reproductive potential of tumor cells. For example, the overexpression of transcription factors (TFs), Oct4 and Sox2 in GBM has been reported to promote tumor proliferation (50). In addition to this. Compared to the rest of the cells, a higher number of PD-L1 and immunosuppressive factors could be detected on the surface of GSCs, while the degree of CD80/CD86 expression was reduced (51). Moreover, GSCs interact with immune cells both to inhibit the antitumor effects of immune cells in the aforementioned manner (52), and to obscure their recognition by T cells through passive downregulation of MHC-I and antigen processing mechanisms to complete the immune escape process (53, 54). Khosravi et al. also reported similar results that GSCs can help tumor cells escape from the recognition correction of the immune system by upregulating specific immunosuppressive factors (55). Gangoso E et al. have further deepened their understanding. They believe that no matter what kind of treatment, when GSCs are discovered by the immune system, their DNA methylation and transcription processes will respond accordingly, and help them by secreting more chemokines. The DNA methylation and transcriptional processes of GSCs that survive are preserved, completing the process of downward transmission of immune evasion ability (56). In addition, the recruitment of macrophages, Tregs and myeloid-derived suppressor cells (MDSC) in the microenvironment is also inextricably linked to GSCs (57, 58). From this point of view, GSCs is a key biomarker for glioma immunotherapy, and some oncolytic viruses (OVs) targeting the effects of GSCs have been deeply studied. The concept of OVs is to selectively kill tumor cells without accidentally injuring normal cells. This is manifested by weakening or eliminating virulence factors so that they do not pose a threat to the growth and reproduction of normal cells. However, the virus itself retains the ability to fight against tumor cells, which is the most important basis for its function. Additionally, the OVs have the ability to recruit immune cells, that can continue the removal of tumor cells through the immune pathway (59, 60). Zika virus (ZIKV) is a typical example (61). ZIKV acts on the basis of GSCs, to which it is extremely sensitive, and can inhibit the proliferation of glioma cells by inducing apoptosis of GSCs, break the supporting effect of GSCs on immune escape, and further activate CD8+ T cells to complete the clearance of tumor cells (62). Also, because of the high enrichment of integrins αVβ3/αVβ5 in GSCs, OVs can target GSCs by acting on integrins (63). It has also been demonstrated that GSCs achieve tumor cell invasion and metastasis by affecting the extracellular matrix (64). Thus, GSCs and therapies targeting GSCs have become the focus of immunotherapy for brain tumors, and the use of GSCs as biomarkers may provide a major reference for the treatment of brain tumors.



TAMs

Tumor-associated macrophages (TAMs) are the most abundant cells in the GBM microenvironment, accounting for roughly 30%-50% of all cells in TME (65). TAMs strictly include both microglias and macrophages of embryonic or bone marrow origin. There are numerous literature TAMs have been reported to have immunosuppressive effects on TME (66, 67). TAMs can be stimulated by a variety of cytokines and thus activate differentiation potential into M1-type TAMs, which have suppressive effects on tumor cells, and M2-type TAMs, which promote tumor cell proliferation and metastasis (68, 69). Lipopolysaccharide and IFN-γ, etc. can induce the differentiation of TAMs to M1-type and endow M1-type TAMs with the function of secreting pro-inflammatory cytokines and activating other immune cells, such as natural killer cells (NK) and dendritic cells (DC). M1-type TAMs can both directly induce tumor cell death through their own cytotoxic effects and indirectly serve anti-tumor purposes by phagocytosis, which enables the process of neoantigen presentation on the surface of tumor cells and provides conditions for adaptive immunity to proceed (70). Both have prominent contributions to probing tumor cells and slowing their proliferation. In contrast, M2-type TAMs are strongly associated with the malignant biological behavior of GBM cells (71). M2-type TAMs can be activated by a variety of cytokines, such as interleukin-4 (IL-4), colony-stimulating factor-1 (CSF-1) and tumor growth factor-β (TGF-β). These cytokines play different roles in the biological behavior of GBM cells. For example, tumor cells can achieve the recruitment of microglias by secreting CSF-1 and contribute to their differentiation to M2-type (72). And the function of TGF-β is highlighted in its provision of conditions for tumor cell metastasis (73). In addition, M2-type TAMs have remarkable ability in inducing GBM cytogenesis and immune escape, based on which they assume important functions in the process of tumor cell growth and metastasis. It has been reported that M2-type TAMs contribute to the vascular proliferation of GBM cells by releasing insulin-like growth factor binding protein 1 (IGFBP1) and IL-6 to contribute to the expansion of tumor blood vessels in TME and the enhancement of blood supply to tumor tissues (74). Meanwhile, M2-type TAMs can also secrete IL-10 through the JAK2/STAT3 signaling pathway to induce GBM cell genesis and promote tumor progression (75). Not only that, M2-type TAMs also have the ability to recruit Treg, and the number of Treg in the microenvironment shows a positive correlation with poor prognosis during tumor cell progression (70). As well as the inhibition of CTL cells in TME, which are responsible for the poor response of GBM to immunotherapy based on T-cell principles (70). With the increasing attention to the field involving TAMs, there are more and more reports about the involvement of M2-type TAMs in tissue remodeling, induction of hypersensitivity responses, domination of immune microenvironment formation, and promotion of GBM progression (76–79). TAMs are gradually becoming key targets in the fight against GBM (80, 81). Therefore, there are now a number of therapies targeting TAMs that are continuously being investigated. Basically, they are all based on the principle of blocking the migration of monocytes into TME and inhibiting the production of M2-type TAMs. Lee, Chanhee et al. found that artificially interfering with TAMs to convert them to M1-type and preventing them from converting to M2-type could inhibit the proliferation of GBM (82). This provides a new possibility for controlling GBM growth and attenuating GBM resistance to immunotherapy, and may provide a guiding role in the treatment of GBM.



ATM

The ATM gene encodes a protein that is an important cell cycle checkpoint kinase that phosphorylates important sites such as CHK2, p53, MRN complex and plays a prominent role in the HR pathway (83). ATM, an important factor in DNA damage repair, signals in association with PARP-1 to activate E3 ubiquitin ligase within one hour of recognition of a DNA double-strand break. And further recruit STING to achieve activation of nuclear factor NF-κB. Activated NF-κB has been shown to play an important role in tumor progression and clearance of tumors by the immune system (41, 84). Wang L et al. came to a similar conclusion that the ATM-CHK2 axis could be a potential target during tumor therapy and that selective inhibition of the checkpoint signaling axis ATM-CHK2 could activate the body’s intrinsic innate immunity and enhance ICI therapeutic efficacy, which has been demonstrated in ARID1A-deficient tumors (85). In addition, Sato H et al. first elucidated that DNA double-strand breaks can upregulate PD-L1 expression in an ATM-dependent manner (86). Hu et al. demonstrated that ATM inhibition can activate the cGAS-STING pathway by promoting cytoplasmic leakage of mitochondrial DNA and downregulating mitochondrial transcription factor A (TFAM) and in this way enhance the effect of ICI treatment. Therefore, mutations in ATM can be used to predict the clinical efficacy of ICI as an ICI therapeutic target and biomarker (87). In addition, ATM has also been reported to achieve enhancement of ICI therapeutic efficacy through the cGAS-STING-independent pathway (88). In addition, there is the most important point for brain tumors. ATM/ATR has been shown to be an important cause of chemotherapeutic drug resistance in GBM tumors, so could the detoxification of resistance to chemotherapeutic drugs as well as upregulation of immunotherapy sensitivity be achieved by blocking ATM/ATR. Meanwhile, the application of TMZ resulted in replication fork arrest of GBM cells and successive activation of ATR-Chk1 axis and ATM-Chk2 axis, which may be potential targets for combining chemotherapy with immunotherapy (89).



CTLA-4

CTLA-4 is a coinhibitory molecule expressed by Tregs cells that can be regulated by activated CD4+ versus CD8+ T cells and achieve interference with T-cell activation (90, 91). CD28 is expressed by activated CD4+ versus CD8+ and has a role in promoting immune responses and activating T cells. When the T-cell receptor (TCR) is engaged, CTLA-4 increases rapidly at the immune synapse through cytoskeletal reorganization, achieving enrichment. The CTLA-4 that reaches the synaptic site has a higher affinity for CD80 (B7-1) and CD86 (B7-2) than CD28 (92, 93). The above process is extracellular pathway. In addition, CTLA-4 has been shown to function through intracellular pathways, specifically by binding to CD80/CD86 and acting within activated conventional T-cells. CTLA-4 suppresses immune responses by recruiting SHP-2 and PP2A to immune synapses (92, 94). Different routes to the same goal, both of which negatively regulate T-cell proliferation (95, 96). Ensure T-cell activity by fine-tuning the TCR to help safeguard beneficial anti-pathogen and anti-tumor responses, while maintaining tissue integrity, promoting tissue repair, and regulating immune sensitivity (97).




Other Potential Biomarkers

RPA is a ssDNA binding protein, which plays an important role in both NER and HR (98, 99). In the primary GBM cell lines, high-level expression of RPA was detected. RPA expression can also be detected in differentiated GBM cells, and it has been observed that RPA70 and RPA14 have priority in expression. RPA mediates the high invasiveness of GBM. It is believed that blocking the function of RPA may increase the responsiveness of radiotherapy. And RPA can function by interacting with sites such as ATR, Rad51, BRCA1/2, and p53 (100, 101). This may be a potential biomarker for highly aggressive tumors such as GBM (102).

Zhang J et al. supplied a new immune target where DNA-PKcs could influence TGF-β1, a significant factor in the epithelial-mesenchymal transition (EMT) process (103). DNA-PKcs deletion enhances ICI treatment (104). The mutant group had a more satisfactory survival outcome after ICI treatment compared to patients with normal DNA-PKcs (105). Echoing this, Yang H et al. concluded that the combination of immunotherapy with DNA-PKcs as a target can have a synergistic effect, with the result that patients can benefit more from immunotherapy (106). There is also a DNA-PK inhibitor called CC-115, which is able to cross the BBB, whose efficacy in patients with GBM is being tested and CC-115 is being considered in combination with radiotherapy and TMZ for GBM (107).

In recent years, there has also been significant progress in the exploration of protein-coding RNAs, and it is thought that RNA dysfunction can also influence cancer development (108). Subsequently, immunotherapies targeting RNAs have also emerged, particularly LncRNA, whose expression has been shown to be associated with various immune checkpoints such as PD-1/PD-L1 and CTLA-4 (109). It has also been shown that Lnc-talc interferes with the action of temozolomide by affecting the immune microenvironment, leading to GBM resistance (110, 111). In addition to this, epidermal growth factor receptor (EGFR) and mesenchymal-epithelial transition factor (MET) signaling pathways have been demonstrated in temozolomide resistance (112). The experiments conducted for the above new targets provide new therapeutic strategies for GBM and offer the possibility to explore immunotherapy for GBM.




Combined DNA Damage Repair-Based Therapy With Immunotherapy

A growing number of experiments have shown that therapies that destabilize DNA and disrupt the repair process of tumor cell damage, can reshape the tumor immune microenvironment and offer the possibility of applying immunotherapy to tumor cells that are resistant or less sensitive to immunotherapy. This is particularly important for the application of immunotherapy in brain tumors. On this basis, it becomes feasible and meaningful to combine immunotherapy with other tumor treatment modalities.


Radiotherapy With Immunotherapy

It is well known that radiation therapy corrects tumor mainly through two mechanisms, one is the production of free radicals, which induce oxidative responses in the body and activate damage-associated molecular patterns (DAMPs), and in this way enhance DC function. The other is DNA damage, the vast majority of which is DNA strand breaks, with double-strand breaks (DSBs) being the key damage in radiation-killed cells. The role that radiation therapy plays in the immune process has been discovered step by step in recent years. Its effect on immune response is mainly to enhance tumor immunogenicity by increasing tumor-recognizable neoantigens, expression of MHC molecules, etc. (113) And to recruit CD8+ T cells and DC cells to awaken the body’ s anti-tumor immune process (114). Radiotherapy triggers immunogenic cell death by both of these means (115), enhances DC function and further promotes antigenic expression of dendritic cells (DCs) (116), allows DCs to be recruited between tumor tissues. Common DAMPs include HMGB1 and calreticulin, etc. (117) HMGB1 allows DC cells to acquire the ability to process and present antigens by acting on toll-like receptor (TLR) 4 receptors and furthermore induce T cell immune responses (118). Cells expressing calreticulin on the surface can be recognized by DCs and achieve phagocytosis of would-be dead cells. In contrast, DSBs resulting from DNA damage after radiotherapy produce cytosolic DNA fragments and micronuclei that activate the cGAS/STING pathway (119, 120). Further stimulates the production of IFN, increases the expression of MHC molecules on the surface of tumor cells, promotes the maturation of DC cells and drives other immune-related processes (111, 121–124). To achieve the purpose of enhancing the recognition ability of the immune system. Because of this, radiotherapy is also thought to be involved in the DNA damage repair process known as activate mTOR signaling (125). However, the effects of radiotherapy go far beyond this. Radiotherapy has also been reported to induce the expression of adhesion molecules ICAM and VCAM1 on tumors and endothelial cells, and in this way block the binding of adhesion molecules to T cells. Then reduced the incidence of tumor rejection (126). In addition, radiotherapy has been shown to increase the expression of inflammatory chemokines, such as CXCL5 and CXCL2, which recruit suppressive cells in TME while producing TGFβ and participating in the tumor immune process (126, 127). The common outcome of these aforementioned post-radiotherapy alterations is to promote the infiltration of CD8+ T cells in TME and to achieve up-regulation of PD-L1 expression by all of the above (128). Therefore, this behavior is a key part of the therapeutic effect of radiotherapy combined with PD-1/PD-L1 inhibitors (129). More importantly, the increase of MDSCs in TME after radiotherapy, which has been shown to drive tumor growth and angiogenesis, upregulate CTLA-4 expression in Tregs (130) and inhibit cytotoxic T-cell activation acting as a coordinating immunosuppressive agent (131). Furthermore, it has been suggested that TAMs and regulatory T-cells (Tregs) are more resistant to radiation than T cells, contributing to the enrichment in TME after radiotherapy (132). Radiotherapy can also activate NK cell action by upregulating the NKG2D receptor in the co-stimulatory receptor, achieving immunomodulation by interfering with the innate immune system. Also, radiotherapy has been reported to act on TNF receptors (133). Including FasL, TNF-α receptor, TRAIL-R1 and TRAIL-R2. Since CTL can express ligands of the above receptors, it makes tumor cells more sensitive to the action of CTL after radiotherapy. This also explains from a certain perspective, why some tumors gradually show a more satisfactory sensitivity to immunotherapy after receiving radiotherapy. It may be related to the direct or indirect recruitment and activation of CTL caused after radiotherapy. For example, IFN-γ and TNF-α produced after radiotherapy can induce CXCL9, CXCL16, etc. And then further collect CTL into TME. These reports support that the effect of radiotherapy on DNA damage repair can act on the immune system and provide a theoretical basis for the feasibility of radiotherapy combined with immunotherapy (134). Not only that, there are many animal experiments embarking on the combination of radiotherapy and immunotherapy.

Radiation therapy (RT) is widely used in patients with solid tumors, and GBM is no exception. Several preclinical studies have reported that RT can lay the foundation for immunotherapy and improve the response rate of immunotherapy. The most widely used immunotherapies are ICIs, and three types of ICIs have been approved by the FDA for clinical use, namely anti-CTLA-4, anti-PD-1 and anti-PD-L1. TIM-3 is a negative regulator that is widely expressed on Tregs and NK cells, and blocking TIM-3 can help CD4/CD8+ T cells to restore specific immune function, which is helpful in relieving the immune resistance of tumor cells (135). It has been shown that TIM-3 expression is elevated in glioma patients and can be detected not only on the surface of TIL, but also in circulating blood lymphocytes (136, 137). Kim, Jennifer E et al. attempted to apply anti-TIM-3 along with stereotatic radiosurgery (SRS) and analyzed the role of the combination in the treatment of glioma. The experiment showed that the median survival time of SRS alone was 27 days, while the combined anti-TIM-3 group could extend up to 100 days. Also, the team experimented with the possibility of combining two ICIs, anti-PD-1 and anti-TIM3. It was shown that both PD-1 and TIM-3 have inhibitory effects on the secretion of some cytokines such as IFNγ and TNFα (138). Compared to anti-PD-1 alone, Kim, Jennifer E et al. did not observe an increase in the amount of IFNγ in the combination of anti-PD-1 with anti-TIM-3. However, there was positive feedback from the trinity treatment approach of both ICI combined with SRS compared to the anti-PD-1 combined with SRS group. That is, a trend was detected to promote the secretion of IFNγ, TNFα, and the secretion of such cytokines was widely shown to be associated with prolongation of OS. Although the combination of ICI and RT has been repeatedly reported to have a synergistic effect in saving brain tumors, there are conflicting opinions about the side effects (139). Clausi MG et al. suggested that RT in combination with ICI induced activation of CD8+ T cells and polarization of TAMs. It was reported that CD8+ T cells were not found in normal brain tissue, while traces of CD8+ T cells were detected in the white matter and hippocampus of mice with brain tumors after combined treatment. Meanwhile, in studying the side effects of the combination treatment, they evaluated the cognitive and behavioral performance and neuroinflammation in the mice. The results showed that although the combination therapy reflected better results on tumor control, it also induced cognitive and behavioral, neuroinflammatory and other side effects that affected the quality of survival (140). However, positive side effects of the combination treatment have also been reported, as Qiu B et al. found that RT combined with ICI treatment can lead to permanent depletion of neuroblasts in the subgranular zone (SGZ) of the hippocampal dentate gyrus, which can indirectly protect the function of the hippocampal region. The addition of anti-PD-1 provided a cerebral protective effect relative to RT applied alone (141).



Chemotherapy With Immunotherapy

Chemotherapy is one of the most effective methods of treating tumors. It is used to kill tumor cells through the application of drugs to achieve a therapeutic goal. One of the main advantages of chemotherapy over traditional surgery and radiation therapy is that chemotherapy is a systemic treatment. Chemotherapy drugs can act on most tissues throughout the body through blood circulation, which is an outstanding advantage in treating metastatic cancer. Also for GBM, the application of chemotherapeutic drugs has shown to be extremely superior, and TMZ plays an integral role in GBM treatment. However, in recent years, as chemotherapy has become more widely understood, it has been found that chemotherapy has not only cell-damaging effects, but also significant effects on the immune system. Chemotherapy can expose neoantigens on the surface of tumor cells, which are recognized by DCs and presented to CTL cells, further activating the antitumor immune response. In recent years, the exploration of the relationship between chemotherapy and immune response has gradually become a popular topic. Toll-like receptors (TLRs) mentioned before is one of the cases. Many immune cells activate the relevant immune response through the interaction between receptors called TLRs and pathogens (142). Based on this, molecules that have agonistic effects on TLRs have won widespread attention. One of them is an oligonucleotide called CpG-ODN (143). CpG-ODN is classified as A, B and C according to the type of cells it acts on. Among them, type B CpG-ODN has been shown to inhibit tumor cell growth by acting on TLR9 in several preclinical models, with long-lasting effects and immune memory detected in specific subjects (144). TLR4 has also been found to be induced by paclitaxel and cause immune cell death. But chemotherapy is also thought to activate the immunostimulatory pathway and can be used to kill cancer cells by this mechanism. After the application of drugs such as docetaxel, oxaliplatin and cyclophosphamide (CPA). ATP, HMGB1 and tumor cell surface calcineurin can be detected. These exposed neoantigens increase the possibility of tumor cells being recognized by immune cells (145, 146). Chemotherapeutic agents can also directly modulate immune cell populations. Cyclophosphamide depletes immunosuppressive myeloid suppressor cells and Treg cells, relieves their inhibitory effects on NK and T cells, elevates the innate immune response, and promotes Th1 cytokine production (147). Cyclophosphamide has been used as a first-line chemotherapeutic agent for many years, and although it has been shown to have excellent anti-tumor performance, experimental feedback suggests that combination therapy can achieve superior results compared to monotherapy. Jordan, M et al. conducted a study in 2016, which showed that the addition of CpG-1826 immunotherapy on day 12 after the application of cyclophosphamide therapy prolonged the duration of immune response prompted by cyclophosphamide and a satisfactory antitumor response was observed. Combining CpG-1826 after cyclophosphamide treatment minimizes the ablation of immune cells by cyclophosphamide and prolongs the duration of response (142). It is well known that temozolomide synchronized chemotherapy is an indispensable and critical part of GBM treatment, so how to use TMZ rationally to enhance the effect of GBM immunotherapy is being paid attention to (148). Although reduction of multiple lymphocytes in TME can be observed after TMZ application, in some cases, TMZ was found to induce anti-tumor immune response (149). Hasan, Md Nabiul et al. focused on the effect of Na/H exchanger 1 in combination with TMZ on immunotherapy. They found that NHE1 was closely related to the immunosuppressive TME of GBM, which is one of the reasons for downregulating the sensitivity of GBM to the immune response (150). And further validated the effect of combination treatment of NHE1 inhibitor HOE642 with TMZ on PD-1. The results showed that the infiltration of GAMs and T cells was significantly increased in the combination treatment group, and Th1 was activated along with enhanced anti-tumor immunity. In addition to this, the combination therapy increased the sensitivity of anti-PD-1 treatment modality, providing the possibility of ICI in GBM treatment (151). The rationale for this therapeutic approach focuses on the metabolic reprogramming of TAMs and T cells that has been discovered in recent years, which plays an important value in the anti-GBM immune response. This is thought to be a pathway for tumor cells to evade surveillance by the immune system, i.e., by upregulating PD-L1 and binding to PD-1 on the surface of T cells to induce T cell apoptosis to complete the immune escape process (152). Although this process is a survival strategy for tumor cells, it also brings an idea for the application of immunotherapy, i.e., the possibility of targeting immune checkpoints for blockade, which is a breakthrough for brain tumors that are part of cold tumors. One trial specifically analyzed the effect of combining TMZ with ICI and reported that when TMZ was administered systemically, the combined ICI treatment did not show any survival advantage. In contrast, when TMZ was administered locally, the survival advantage appeared to be significantly altered with the combined application of ICI. This seems to indicate that the effect of TMZ on anti-tumor immune response is related to factors such as dose and route of administration (153). In addition, the oncolytic virus, which has been widely studied in brain tumors, has shown satisfactory results in joint experiments with TMZ. Sampson JH et al. demonstrated that an enhanced antitumor immune response was observed with the application of TMZ in GBM patients treated with oncolytic virus.



DNA Damage Repair Inhibitors With Immunotherapy


Poly ADP-Ribose Polymerase Inhibitor (PARPi)

PARP, is a DNA repair protein. It maintains genomic stability by repairing damaged DNA single strands during DNA damage repair, PARP is mainly divided into PARP1 and PARP2, with PARP1 playing a key role in the efficient repair of DNA single strand breaks (SSBs) (154). This mechanism is also generalized in tumor cells. A large proportion of antitumor drugs interfere with the normal life activities of tumor cells by damaging their DNA, and in this way, they aim to kill them. Unfortunately, tumor cells can protect themselves through the above damage repair mechanism. Inhibitors of poly ADP-ribose polymerase (PARPi) have emerged as new tumor therapeutic agents (Table 2). PARPi applies the concept of synergistic lethality of DNA damage repair by competitively binding to PARP to inhibit HR, resulting in the accumulation of large amounts of single-stranded DNA in tumor cells that are not repaired in time (155). This enhances the efficacy of chemotherapeutic agents. However, PARPi’s contribution to tumor therapy goes far beyond this. While inhibiting DNA-SSB repair, PARPi acts with the cofactor NAD+ to anchor PARP1 to damaged DNA, forming a stable PARP-SSB complex. In turn, the replication fork disintegrates upon contact with the PARP-SSB complex and consequently leads to more severe DSBs, which serve to induce tumor cell death (154, 156). More notably, PARPi has a targeted effect on BRCA-deficient tumors. BRCA is also a DNA repair protein, but unlike PARP, BRCA is primarily responsible for the repair of DSBs. Therefore, BRCA1 and BRCA2-deficient tumor cells are very dependent on PARP for repair, and for this reason, PARPi has a significant effect on DNA damage in such tumor cells, showing great cytotoxicity (147, 157). Therefore, it has become a precision drug for cancers with DDR defects in the HR pathway and was approved by the FDA in 2018 for the treatment of BRCA-deficient cancers. Many studies have shown that the antitumor effect of PARPi is related to innate immune response in addition to the induction of DNA strand breaks (158). PARPi accomplishes antitumor efficacy by activating the cGAS-STING pathway, recruiting CD8+ T cells, and inducing type 1 interferon (IFN) signaling, thereby resetting or initiating the tumor microenvironment (159). Currently, most of the clinical trials assessing the role of PARP in GBM neglect to assess BRCA (160), which may be related to the low frequency of BRCA mutations in GBM (161). PARP expression has been reported to be associated with tumor grade as well as poorer survival (162). An increase in tumor radiotherapy sensitivity was observed in in vitro experiments applying PARPi against GBM models (163). With a better understanding of the molecular relationship between PARP and GBM (164), PARP may be used as a biomarker to assess prognosis and drug resistance mechanisms.


Table 2 | FDA-approved PARPi class drugs.





Other DNA Damage Repair Inhibitors

Heat shock protein 70 (Hsp70) is often expressed on the surface of highly aggressive tumor cells such as GBM, while the upregulation of Hsp70 can also be observed after radiotherapy and chemotherapy (165). Shevtsov M et al. investigated the antitumor effect of a combination therapy consisting of Hsp70-peptide TKD/IL-2-activated NK cells and anti-PD-1 on GBM in mice. The results showed that both alone retarded the growth and migration of tumor cells and prolonged the OS of the GBM mouse model, while the combination therapy further improved the outcome parameters compared to the monotherapy modality. The OS in the combination treatment group was 2.3 times higher than that in the control group. Tumor tissue sections showed increased infiltration of CD8+ T cells and NK cells in the treatment groups, with the most pronounced immune cell infiltration in the combination treatment group and a 1.5-fold increase in anti-tumor cytotoxicity. This is consistent with previous reports that blocking PD-1 on the surface of NK cells can enhance immune responses (166).

In addition, phosphatases are also attracting attention as new brain tumor targets (167). It has been claimed that PP2A can activate CTLA-4 on the surface of T cells through dephosphorylation, which has a potential inhibitory effect on the immune function of CTL (168). Besides, researchers also found that the negative immune regulatory function of Treg was broken in the model of PP2A deficiency, which contributed to the proliferation of TIL (169). Based on this, Maggio D et al. considered to analyze the effect of simultaneously targeting both PP2A and PD-1 checkpoints on tumor control. It was found that simultaneous blockade of PP2A and PD1 significantly improved OS in GBM mice, with a substantial increase in the number of immunoreactive T cells in the group compared to the control group, and resulted in complete regression of GBM in about a quarter of the mice. The team further speculated that this might be related to the activation of the mTORC1 pathway after the application of PP2A inhibitor (170). Another molecule highly expressed in GBM is arginase (ARG), which is more easily detected especially in TAMs with highly aggressive GBM. Some studies have confirmed that ARG has a proliferative effect on CTL, while lower plasma concentrations of ARG are often accompanied by the appearance of significant immunosuppression (171). Inhibition of ARG restored the function of TAMs and NK cells and improved the sensitivity to anti-PD-1. Zhang J et al. applied an anti-ARG called OAT-1746 in combination with anti-PD-1 in a GBM mouse model, and OAT-1746 could penetrate the BBB, which is known for its defensive capabilities. The results observed an increase in the proportion of CD3+ T cells in the TME of mice after the combination treatment, which is important for considering the simultaneous inhibition of ARG and PD-1 in the GBM population for potential feasibility. Meanwhile, decreased expression of CCL2 and CCL7 was detected in the experimental group, and the expression of CCL2 is closely associated with tumor angiogenesis and high invasiveness (172), while CCL7 has a recruitment effect on Treg (173). The positive feedback of combination therapy for TME may be related to OAT-1746 affecting the expression of CCL2 and CCL7-related genes (174).





Conclusion

Tumor immunotherapy has evolved rapidly in the past decade. And today, many therapies targeting the immune response have been approved and are used in clinical practice. However, unfortunately, the use of immunotherapy in the field of brain tumors still has not progressed much. Due to the existence of BBB, the intracranial system can protect the brain tissue from damage, but also increase the difficulty of drugs breaking through the barrier. Moreover, brain tumors are immunologically “cold tumors” that do not show satisfactory sensitivity to immunotherapy, and the use of autoimmune response to achieve clearance of brain tumors remains a major challenge. Fortunately, tumors are associated with genomic instability, and DNA damage repair is an important way for the body to maintain and correct genetic information. Therefore, targeting DNA damage repair mechanisms in tumor therapy may be a breakthrough guide in the fight against tumors. This study also focused on this hot topic and analyzed the intrinsic link between immunotherapy and DNA damage repair. We also found that appropriate biomarkers are particularly important for evaluating immunotherapy. TAMs, as the largest group of cells in brain tumor TME, play an important role in immune regulation of the microenvironment. And biomarkers such as MSI and ATM, which have been widely used in “hot tumors”, also seem to guide brain tumors that are not sensitive to immunotherapy. RPA, DNA-PKcs and other proteins in the DNA damage repair process may provide a precursor assessment for the rational implementation of immunotherapy in brain tumors and may serve as a guide for immunotherapy. At the same time, we discuss the feasibility of combining immunotherapy with other treatments. DNA double-strand breaks during radiation therapy, chemotherapy that partially targets DNA damage directly, and targeted therapies that are now used to break the DNA damage repair process in tumor cells all provide favorable premises for the use of immunotherapy. We also describe the current state of research in combination therapy. Even so, little is known about brain tumors and TME and how the promising immunotherapy can be used in the clinic. The application of immunotherapy in brain tumors remains a major challenge that needs to be explored jointly by clinicians, genomics, translational medicine and other multidisciplinary personnel. Together, we will reveal the intrinsic link between DNA damage repair processes and brain tumor immunotherapy, and provide inspiration and support for the application of damage repair in brain tumor immunotherapy.
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Exosomes, the small extracellular vesicles, are released by multiple cell types, including tumor cells, and represent a novel avenue for intercellular communication via transferring diverse biomolecules. Recently, microRNAs (miRNAs) were demonstrated to be enclosed in exosomes and therefore was protected from degradation. Such exosomal miRNAs can be transmitted to recipient cells where they could regulate multiple cancer-associated biological processes. Accumulative evidence suggests that exosomal miRNAs serve essential roles in modifying the glioma immune microenvironment and potentially affecting the malignant behaviors and therapeutic responses. As exosomal miRNAs are detectable in almost all kinds of biofluids and correlated with clinicopathological characteristics of glioma, they might be served as promising biomarkers for gliomas. We reviewed the novel findings regarding the biological functions of exosomal miRNAs during glioma pathogenesis and immune regulation. Furthermore, we elaborated on their potential clinical applications as biomarkers in glioma diagnosis, prognosis and treatment response prediction. Finally, we summarized the accessible databases that can be employed for exosome-associated miRNAs identification and functional exploration of cancers, including glioma.




Keywords: exosomes, microRNAs, glioma, biomarker, therapeutic response



Introduction

Malignant gliomas, representing 80% of the whole primary brain tumors, are the most prevalent and fatal primary neoplasm of the central nervous system in adults (1). Clinicopathologically, glioma is categorized into grades I–IV based on the histologic criteria proposed by the World Health Organization (WHO), with grade IV, glioblastoma (GBM), as the most malignant (2–4). Despite the enhanced understanding of the molecular mechanism of gliomas and considerable progress in therapeutic approaches encompassing surgery, radiotherapy, chemotherapy and targeted therapy, recurrence is still observed in nearly all malignant gliomas, which generally causes death (5, 6). Patients suffering from gliomas show an unsatisfactory prognosis, with a median survival time of approximately 12-15 months after diagnosis (7). Apart from the rapid proliferation, high aggressiveness, genetic heterogeneity and therapeutic recalcitrance of glioma, the poor survival of glioma patients also results from the insufficient understanding of the specific molecular mechanisms controlling disease progression and shortage of reliable tools for timely diagnosis and sensitive therapeutic monitoring (8). Hence, the molecular mechanisms correlated with glioma development and progression remain unclear, so do the non-invasive biomarkers with high sensitivity and specificity.

Extracellular vesicles (EVs), membrane-encased vesicles secreted by cells, deliver cytoplasmic or membrane contents to nearby cells and are detectable in biological fluids (9, 10). Although EVs were initially relegated as entities for cellular waste disposal, nowadays, they work as messengers in intercellular communication (11). EVs are either buds from the endosomal network (exosomes) or derived from the plasma membrane (microvesicles) (10). Exosomes are lipid bilayer-encapsulated vesicles with a diameter ranging from 30 to 120 nm and are shed by diverse cell populations containing neoplastic cells. With multiple biologically active cargoes, including proteins, lipids, mRNAs, and microRNAs (miRNAs), exosomes have emerged as important players in cell-to-cell communication (12). Exosomes are generated in endosomal compartments termed multivesicular bodies (MVBs) that are late endosomes encompassing various intraluminal vesicles (ILVs) formed by endosomal membrane invaginations. MVBs can subsequently integrate with plasma membranes, leading to the release of exosomes (13). Subsequently, exosomes are internalized into neighboring or distant cells and transport their components, thereby influencing the phenotype of target cells (14). Mounting evidence reveals that exosome-mediated intercellular communication also serves important roles in many respects of cancer progression, covering metastasis and drug resistance as well as interfering with the immune systems within the tumor microenvironment (15, 16). It was reported that tumor cells produce high levels of exosomes, where the components vary in distinct pathological and physiological conditions (17). Recent data confirmed that circulating exosomes appear as a promising means for biomarker discovery since they can be noninvasively collected, and their in vivo half-life is short, and their cargoes are protected from degradation (18).

MiRNAs is a kind of small non-coding RNAs, with 19-25 nucleotides that form base pairs with the 3’-untranslated regions (3’-UTR) of target mRNAs, which further cause either mRNA destabilization or translational repression (19, 20). MiRNAs function as irreplaceable intercellular communication tools, as they are transmitted between cells through exosomes and impact recipient cells’ phenotype (21). Exosomal miRNAs have been connected with glioma progression via activation and/or suppression of certain signaling pathways (22). A better knowledge of the biological roles of exosomal miRNAs may facilitate the exploration and development of novel diagnoses and therapies for gliomas. In this review, we outlined the current findings regarding exosomal miRNAs involvement in tumor initiation and progression, emphasizing glioma cancer. Moreover, we summarized the available tools and platforms that help investigate the underlying regulatory mechanisms of exosomal miRNAs in gliomas. Finally, we highlighted the potential value of exosomal miRNAs in the future clinical application of gliomas.



Proposed Roles of Exosomal miRNAs in Glioma Cancer

Accumulative evidence reveals that exosomes mediate the initiation and progression of gliomas by transferring biomolecules between distinct cell populations (23). Among these molecules, exosomal miRNAs are the most intriguing due to their important role in multi-respect glioma biology, encompassing proliferation, migration and invasion, angiogenesis, immune suppression, and treatment resistance within the glioma microenvironment (Table 1, Figure 1). Notably, the effects of exosomal miRNAs on glioma are highly similar to non-exosomal-derived miRNAs.


Table 1 | The biological roles of exosomal miRNAs in glioma biology.






Figure 1 | The underlying molecular mechanisms of exosomal miRNAs in modulating the progression of gliomas. In the glioma environment, exosomal miRNAs are absorbed by recipient cells and subsequently exert their functions in varieties of biological processes including proliferation, migration/invasion, angiogenesis, treatment resistance, immunosuppression, etc.




Exosomal miRNAs and Proliferation of Glioma

Proliferation is an important part of cancer progression, characterized by the alteration of expression and/or activity of cell cycle-associated proteins. Cell growth is also stimulated by constitutively activated signal transduction pathways (50). Exosomes shuttle genetic messages between cells via exosomal miRNAs within the tumor environment, thus contributing to glioma cell proliferation. Exosomal miRNAs regulate the proliferation of glioma cells in the following ways. Glioma cells-derived exosomes are transmitted to glioma cancer cells, and exosomal miRNAs modulate the proliferation of recipient cells. For instance, Lan et al. observed the significantly enhanced levels of exosomal miR-301a in serum of glioma patients relative to healthy individuals. Moreover, miR-301a delivered by exosomes derived from GBM cells promoted proliferation and invasion of low-grade H4 glioma cells through directly targeting phosphatase and tensin homolog (PTEN) to enhance the AKT and FAK signaling pathways (24). Non-glioma-derived exosomes are transmitted to glioma cells and further modulate their proliferation. Figueroa et al. found that miR-1587 could be transferred by glioma related-mesenchymal stem cells (GA-hMSCs) to glioma stem-like cells (GSCs) via exosomes and increased GSC proliferation and clonogenicity to maintain a GSC-supportive niche via directly targeting the expression of nuclear receptor co-repressor-1 (NCOR1) (25). Li et al. also revealed that miR-7239-3p, released by M2 microglial exosomes, could enter glioma cells via endocytosis, resulting in the repression of brain and muscle ARNT-like protein-1 (Bmal1) expression and facilitating glioma cells proliferation and migration (26). In addition, the molecule mechanisms of exosomal miRNA in medulloblastoma (MB), another subtype of glioma, have been recently investigated. Based on the finding of Huang’s group, exosomal miR-130b-3p activated the p53 signaling pathway via silencing serine/threonine-protein kinase 1 (SIK1), thereby suppressing the proliferation, migration and invasion of MB cells (27). In line with this report, Xue et al. demonstrated that exosomes derived from MB patients’ plasma could shuttle miR-101-3p and miR-423-5p to MB cells and suppress the proliferation, invasion and migration of MB cells. Mechanically, miR-101-3p and miR-423-5p exert their suppressive effect via a common target, forkhead box P4 (FOXP4), while miR-101-3p also binds to the 3’-UTR of enhancer of zeste homolog 2 (EZH2) to reinforce its inhibitory effects on tumors (28). In short, these studies indicated that selectively transferring miRNAs via exosomes between cells represents an essential means for intercellular communication, and for modulating the proliferation of gliomas.



Exosomal miRNAs and Invasion/Migration of Glioma

It is generally believed that the invasion of cancerous cells into surrounding vasculatures and tissues is the initial step for cancer metastasis, a leading cause of cancer-associated death (51). Malignant gliomas have a unique invasion capacity: impeding the surgical removal of all glioma cells and making relapse inevitable (52, 53). Accumulative evidence suggests that exosomal cargos containing nucleic acids such as miRNAs play decisive roles in glioma migration and invasion. Cai et al. found that exosomal miR-148a expression was prominently elevated in the serum of GBM patients and was inversely related to the expression of cell adhesion molecule 1 (CADM1). MiR-148a delivered by glioma-derived exosomes could target CADM1 and then activate STAT3 pathway to facilitate the proliferation and metastasis of GBM cells (29). Numerous studies have illustrated that hypoxia leads to the epithelial-to-mesenchymal transition (EMT) (54), tumor invasion (55) and metastasis (56). Qian et al. found that the hypoxia microenvironment could stimulate miR-1246 in glioma. Besides, miR-10b-5p-enriched exosomes were then internalized by normoxia glioma cells to enhance the migration and invasion of glioma through suppressing fyn-related kinase (FPK) and Transcription factor AP-2 alpha (TFAP2A), respectively (30). Similarly, exosomal miRNAs could also drive the migration and invasion of MB cells. Transfer of Group 3 MB-derived exosomal miRNAs (miR-181a-5p/miR-125b-5p/let-7b-5p) could promote the invasion and migration of less invasive SHH MB cells by enhancing extracellular regulated kinases (ERK) activities in Ras/MAPK pathway (31). Finally, the exosomes released by cancer cells and the exosomes secreted from other cell types participated in glioma invasion and migration. MiR-15a and miR-92a were poorly expressed in M2 macrophages exosomes. It has been verified that M2 macrophages could secret miR-15a and miR-92a via exosomes, and subsequently, miR-15a and miR-92a separately repressed cyclin D1 (CCND1) and Ras-related protein Rap1b (Rap1b). Thus, the PI3K/AKT/mTOR signaling pathway was interfered, and glioma migration and invasion was suppressed (32).



Exosomal miRNAs and Angiogenesis in Glioma

As a pivotal hallmark of tumors, angiogenesis is a requisite for cancers to satisfy their needs for nutrients and oxygen (57). Aberrant angiogenesis could lead to malignant phenotypes and promote cancer metastasis (58). It is also established that angiogenesis relates to the progression of glioma (59). Nevertheless, the molecular mechanisms that regulate glioma angiogenesis are still unclear and will be the focus of current research. Since Folkman first discovered a theory about the correlation between angiogenesis and tumor growth, anti-angiogenic gene therapy has attracted the attention of many scientists with its apparent advantages (60). The development of angiogenesis inhibitors targeting pro-angiogenic signaling pathways regulated by vascular endothelial growth factor (VEGF) has exhibited clinical benefits in the treatment of varieties of cancers. While the resistance of patients to anti-VEGF therapy impeded cancer treatment (61). Therefore, a better understanding of the molecular mechanisms of tumor angiogenesis is necessary for a more effective anti-Angiogenic therapy.

The critical roles of miRNA in regulating tumor angiogenesis (62) were highlighted in studies. Exosomes that selectively packed miRNA and shed from tumor cells can be internalized by endothelial cells (ECs), thus facilitating the growth of new blood vessels (63, 64). Increasing evidence has revealed that exosomes regulate angiogenesis partially through delivering miRNAs in the glioma microenvironment. MiR-1 is a well-recognized tumor suppressor in several cancers (65). Loading miR-1 into GBM-derived EV could alleviate angiogenesis, invasion, and neurosphere formation of GBM cells through directly targeting and inhibiting annexin A2 (ANXA2). ANXA2 was evidenced to be an important oncogene whose expression was inversely correlated with miR-1 in GBM cells (33). In addition, miR-9 derived from glioma cells was internalized by vascular endothelial cells, which enhanced angiogenesis. Mechanically, miR-9 could target collagen type XVIII alpha 1 chain (COL18A1), thrombospondin 2 (THBS2), patched 1 (PTCH1), and egl-9 family hypoxia-inducible factor 3 (PHD3) to degrade these mRNA, contributing to initiating HIF-1α/VEGF signaling transduction (34). Besides, glioma-derived exosomal miR-148a-3p reinforced angiogenesis through activating the EGFR/MAPK signaling pathway with the ERBB receptor feedback inhibitor 1 (ERRFI1) (35).

Hypoxia is a universal manifestation of solid tumors. It is caused by the rapid tumor growth that runs out the supply of oxygen, and impairment of blood flow results from the aberrant blood vessels in the tumor (66). It can promote angiogenesis and tumor progression via altering the tumor microenvironment (TME) (67, 68). In a recent study by Li et al., hypoxic GBM-secreted miR-182-5p could be taken up by human umbilical vein ECs (HUVECs) via exosomes, which could promote angiogenesis by directly suppressing Kruppel-like Factor 2 and 4 (KLF2 and KLF4) and subsequently elevating VEGF receptors (VEGFR) expression (36).

Glioma stem cells (GSCs) are tumor cells that exist in primary GBM with stem-cell-like properties such as self-renew capacity and producing heterogeneous offspring (69). Moreover, GSCs have been elucidated to participate in tumor growth and angiogenesis (70, 71). GSCs trigger tumor angiogenesis by releasing factors that facilitate ECs proliferation and tube formation (72). Existing evidence demonstrated that GSCs secrete extracellular vesicles (containing exosomes) that include pro-angiogenic proteins, mRNA and miRNA, which are absorbed by human brain microvascular ECs (HBMVECs) (37–39, 73, 74). Sun et al. identified that overexpressed miR-21 in GSCs-derived exosomes could activate the angiogenic capacity of ECs by augmenting levels of VEGF, which further interplayed with VEGFR2 to trigger downstream PI3-kinase/Akt pathway (37). Furthermore, Wang et al. showed that GSCs-derived exosomes carrying miR-26a promoted the tube formation of HBMECs in vitro by targeting and suppressing PTEN, which activated the PI3K/Akt signaling pathway (38). Finally, a recently published report confirmed that exosome-mediated diffusion of miR-944 from GSCs to HUVECs decreased proliferation and angiogenesis by decreasing VEGFC expression and remarkably restraining Akt/ERK pathways (39). Thus, GSCs play a dual role in regulating angiogenesis in ECs, which depends on the exosomal miRNA.



Exosomal miRNAs and Treatment Resistance of Glioma

The mainstay treatments against glioma remain surgical resection, which is followed by chemotherapy and radiotherapy. Although these methods can remove the majority of the tumor masses, tumor recurrence remains inevitable, which raises great challenges to clinical management owing to treatment resistance (75). Evidence revealed that GSCs with intrinsic resistance to therapy cause the recurrence (76). Exosomes secreted by both tumor and stromal cells play an integral role in treating resistance because of their nature as mediators of intercellular communication (77). Moreover, it has been suggested that the key exosomal miRNA could target diverse signaling pathways or affect regulatory proteins and their corresponding genes, thereupon modulating GBM drug resistance (78). Exploring the machinery of treatment resistance is relevant for eliminating these aggressive tumors.

Temozolomide (TMZ), as a DNA alkylating agent, is the first-line treatment for GBM (79) and has been confirmed to exert its anti-tumor role through inducing DNA damage (80). TMZ treatment significantly prolongs the survival of GBM patients, while the existence of resistance limited the clinic efficacy (81). Relevant studies indicated that exosomes derived from TMZ-resistant glioma could confer TMZ chemoresistance to the recipient TMZ-sensitive cells via exosomes (40, 41). Thus, drug resistance increased with the secretion of exosomes (82). Yin et al. reported that bioactive miR-1238 could be incorporated into TMZ-resistant GBM cells-derived exosomes and absorbed by TMZ-sensitive cells, which disseminated TMZ resistance by directly targeting and suppressing caveolin-1 (CAV1) and subsequently activating EGFR-PI3K-Akt-mTOR pathway. The epidermal growth factor receptor (EGFR) played a pivotal role in TMZ resistance (40). Additionally, Zeng et al. demonstrated that miR-151a showed downregulated expression in TMZ-resistant GBM cells and recurrent specimens and was correlated with TMZ resistance. Further study revealed that TMZ-resistant GBM cells spread TMZ chemoresistance to TMZ-responsive GBM cells under an exosomal miR-151a loss-dependent condition. Mechanically, X-ray cross-complementing gene 4 (XRCC4) was directly targeted by miR-151a, and the repression of miR-151a elevated XRCC4 levels, activating DNA repair and increasing the resistance of glioma to TMZ (41). Finally, the level of serum exosomal miR-221 increased with the glioma grades, and gliomas with higher grades displayed a higher level of miR-221. Exosomal miR-221 was connected with decreased TMZ sensitivity by targeting dynamin-3 (DNM3) genes (42).

Exosomal miRNAs shed by glioma cells are also associated with the sensitivity to radiotherapy, which can impact treatment efficiency. According to recent data, exosomal miR-301a, which was specifically expressed and released by hypoxia GBM cells, could transfer to corresponding normoxia-cultured cells, where it repressed the expression of anti-oncogene transcription elongation factor A (SII)-like 7 (TCEAL7) and subsequently activated the Wnt/β-catenin Signaling pathway, thus decreasing radiation sensitivity (43).



Exosomal miRNAs and Immunosuppression in Glioma

Glioma-related immune cells, the substantial component in the glioma microenvironment, play an emerging role in the regulation of cancer progression and control of anti-tumor immunity (83–85). Macrophages/microglia (GAMs) and tumor-induced myeloid-derived suppressor cells (MDSCs), two prominent populations within the tumour stroma, can exert pro-tumorigenic effects and establish an immunosuppressive milieu (86, 87). M2 phenotypic conversion in glioma-associated GAMs and MDSCs expansion can help neoplastic cells evade immune system-mediate detection and destruction (88). Emerging studies suggest that exosomal miRNAs are carriers of information that have the potential to modulate macrophage fate of differentiation (46) and induce MDSCs accumulation and expansion (48), thereupon creating a favorable environment for glioma progression. Therefore, targeting these immune cells and relevant molecules appears as a novel and promising therapy for gliomas.

GAMs occupy the largest proportion in tumor-infiltrating cells for glioma and take up 30% of the whole glioma mass (89). The appearance and intensity of GAMs are closely related to gliomas progression, and conclusive evidence reveals the indispensable role of interplay between GAMs and gliomas in creating an immunosuppressive milieu, consequently favoring glioma growth and invasion (90). Nevertheless, the specific functioning mechanisms of tumor-infiltrated GAMs are yet to be addressed. Based on the report by Van der Vos, GBM-derived EVs were absorbed into microglia and monocyte/macrophage via in vivo combined with in vivo methods. That resulted in the transfer of miR-21 and miR-451, two abundant miRNAs within GBM-EVs with known oncogenic properties, into the latter cell types and decreased the level of c-Myc mRNA, a shared target of both miRNAs. The absorption of GBM-EVs was accompanied by alterations in microglia phenotype, covering enhanced proliferation and a shift in their cytokines profile towards immunosuppression (44). Furthermore, Yang and his colleagues demonstrated that the expression of miR-214-5p was aberrantly enhanced in GBM cells. It could be transferred into recipient microglia through exosomes, leading to the repression of C-X-C motif chemokine receptor 5 (CXCR5) and ameliorating the expression of pro-inflammatory cytokines such as interleukin 6 (IL-6), interleukin 8 (IL-8) and tumor necrosis factor-α (TNF-α) to regulate the inflammatory response of microglial cells, which helps create a tumor-supportive milieu (45). Besides, tumor-associated macrophages (TAM) are one of the main immune-related cells infiltrating the tumor microenvironment. They are generally categorized into two subtypes with distinct functions, namely classically activated (M1 macrophages) and alternatively activated (M2 macrophages), respectively. The former is characterized by anti-tumor activities, while the latter increases metastasis of tumors and angiogenesis and suppresses the anti-tumor immune response (91). Tumors provide a tumor-permissive milieu by exploiting macrophage polarization states and specifically skewing macrophages toward a pro-tumoral M2-like phenotype, thereby supporting cancer progression by immune suppression (92). What’s more, emerging evidence indicates that exosomal miRNAs secreted by glioma cells can control the phenotypic plasticity of macrophages to facilitate tumor growth. For example, the recently published literature by Qian has determined that miR-1246 was upregulated in hypoxia glioma-derived exosomes (H-GDE) and GBM patients’ cerebrospinal fluid (CSF), and delivery of H-GDE-derived miR-1246 contributed to inducing M2 macrophage polarization through targeting telomeric repeat binding factor 2 interacting protein (TERF2IP). Thus, the STAT3 signaling pathway was activated and NF-κB signaling pathway was repressed, promoting the development of the immunosuppressive microenvironment (46).

Myeloid-derived suppressor cells (MDSCs), as a heterogeneous population of cells expanding during cancer, can depress activation of T-cells and NK-cells to promote tumor growth, quicken formation of the pre-metastatic niche, and cause resistance to immunotherapy (93). Previous studies have evidenced that tumor-derived exosomes drive MDSCs activation and expansion (94), and miRNAs play essential roles in regulating the expansion of functional MDSCs (95). However, the exact mechanisms where miRNA-containing exosomes derived from glioma cells can manipulate the differential of functional MDSCs remains to be defined. To the end, Guo et al. identified that hypoxia-stimulated glioma-derived exosomes (GDEs) could be taken up into MDSCs, exhibiting a stronger capacity to induce MDSCs compared with normoxia-stimulated GDEs. It was exactly the hypoxia-inducible enhanced expressed miR-10a and miR-21 within GDEs that reinforced MDSCs expansion and activation through targeting Rora/IκBα/NF-κB and Pten/PI3K/AKT pathways (47). Guo et al. also revealed that exosomal miR-29a and miR-92a, which were transferred from hypoxia-induced glioma cells to MDSCs could facilitate the formation of the immunosuppressive microenvironment by increasing the proliferation of functional MDSCs via silencing high-mobility group box transcription factor1 (Hbp1) and protein kinase cAMP-dependent type I regulatory subunit alpha (Prkar1a), separately (48). Additionally, they also demonstrated that miR-1246, which was abundant in GDEs, could also potentiate MDSCs with manifestations including repressing CD8+ cells proliferation and elevating the levels of interleukin 10 (IL-10) and transforming growth factor-beta (TGF-β) by activating the DUSP3/ERK pathway (49). The above-described studies indicate that glioma potently influences MDSCs differentiation and activation via exosomal miRNAs, thereupon impacting the entire tumor immune environment.




Clinical Implications of Exosomal miRNAs in Glioma


Exosomal miRNAs as Biomarkers for Glioma

Precise diagnosis, and the timely/comprehensive monitoring of therapeutic response, remain the main challenges in glioma patients’ care and treatment. Neuroimaging, magnetic resonance imaging (MRI) in particular, is regularly used for glioma diagnosis, staging, and monitoring therapeutic response. Although neuroimaging is suggestive of glioma diagnosis, there are still other brain lesions sharing radiological features, which makes differential diagnosis difficult (96). Additionally, the lowest resolution for the effective detection by MRI remains on the order of millimeters (97). Because of the dimension of a tumor cell, this disparity in scale translates into delayed diagnosis and treatment (98). Furthermore, MRI can exhibit the enhanced tumor volume following radiotherapy, generally, due to enhanced vascular permeability, an effect named pseudoprogression, and connected with the treatment (99). In the meantime, histopathologic examination of tumor specimens attained by surgery is currently recognized as the gold standard for glioma grading and typing. Nevertheless, this method bears high surgical risks, and repeated sampling of tumor specimens may be impractical (100). All these factors demonstrably highlight the urgent need for exploring minimally invasive biomarkers supportive for reliable and consistent diagnosis, prognostication, and treatment response prediction.

Although methods of early diagnosis and timely management of various cancer types have been established, such as detection of circulating tumor cells (CTCs) and cell-free nucleic acids (cfNAs) in the circulation, comparatively little progress has been made concerning clinical validation of intrinsic brain tumors. Broad sets of promising biomarkers have already been identified in the blood and CSF of patients afflicted with gliomas, but few were applied clinically (101).

In recent years, exosomes have become an emerging topic implicating multifaceted development and biological process through being secreted into nearly all human fluids, containing plasma, CSF, urine, breast milk, and saliva (102). Accumulative investigations have been centered on exosomes as they can be used as diagnostic, prognostic, and therapeutic markers (103). Previous studies have demonstrated that exosomes can cross the intact blood-brain barrier (BBB) (104). Besides, the bilayer-lipid membranes of exosomes protect the bioactive cargos they contain from enzymatic RNase degradation (105). MiRNAs within peripheral blood exosomes may be relevant biomarkers and therapeutic targets for glioma since they are tumor regulators possessing oncogene and suppressor gene roles (106). Exosomes are extractable from peripheral blood, and miRNAs can be detected by technologies. Exosomal miRNAs could be regarded as promising comprehensive biomarkers, as they possess the potential to present real-time information of disease and can predict progressive disease and assess the response of cancers to targeted therapies (106) (Table 2).


Table 2 | Related studies about exosomal miRNAs from human fluids as diagnostic, prognostic and predictive biomarkers in glioma.



Some studies have reported the diagnostic implication of exosomal miRNAs derived from sera. Exosomal miRNAs are correlated with histopathologic grades of gliomas. For instance, RNU6-1, miR-320, and miR-574-3p were fast and reliable diagnostic markers of GBM patients as their circulating levels increased with the area under the curve (AUC) of 0.926 (107). This research opened up a novel avenue that exosomal miRNAs could be applied for GBM diagnosis. Ebrahimkhani characterized a set of exosomal miRNAs (miR-182-5p, miR-328-3p, miR-339-5p, miR-340-5p, miR-485-3p, miR-486-5p as well as miR-543) derived from human serum to distinguish GBM patients from healthy controls with a predictive accuracy of 91.7% (108). Moreover, Santangelo validated that the expression of miR-21/miR-222/miR-124-3p in serum exosomes of patients with high-grade gliomas (HGG) was remarkably higher than those with low-grade gliomas (LGG) and healthy individuals. The combination of miR-21+miR-222+miR-124-3p was more robust in discriminating HGG than healthy controls, but its accuracy markedly decreased after surgical resection of the tumors. Intriguingly, exosome-associated miR-21 expression alone appeared as the greatest predictor for differentiating patients with HGG from those with LGG, with an AUC of 0.83. Meanwhile, the results also revealed that high exosomal miR-21 together with low exosomal miR-222 and miR-124-3p expression could effectively help to distinguish brain tumors of glial origin from those without glial origin at initial neuroradiological assessment, which may be helpful for patients showing inconclusive biopsies or with masses in the essential and intricate areas of the brain (109). Furthermore, according to the report from Wang’s group, both miR-766-5p and miR-376-5p in serum exosomes were strikingly attenuated in intracranial lymphoma, and HGG patients relative to healthy controls, and the levels of exosomal miR-766-5p were lower in the intracranial lymphoma group than the HGG group. Exosomal miR-766-5p and miR-376-5p could effectively diagnose HGG with AUCs of 0.8883 and 0.7688, respectively. Besides, miR-766-5p could be used as an auxiliary indicator for the diagnosis of HGG of intracranial lymphoma, showing an AUC value of 0.7201 (110). Additionally, exosomal miR-301a was significantly upregulated in the serum of glioma patients, which was connected with ascending pathological grades and decreased Karnofsky performance status (KPS) scores. ROC curve analysis revealed that exosomal miR-301a exhibited a potential diagnostic value for discriminating gliomas patients from non-glioma patients (AUC=0.937) (24). Research by Shao et al. revealed that miR-454-3p was markedly under-expressed in glioma tissues while over-expressed in exosomes, and exosomal miR-454-3p could function as a marker for glioma diagnosis with AUC value of 0.863. Levels of exosomal miR-454-3p in the postoperative serums were prominently lower relative to those in the preoperative serums (111). Finally, Lan et al. identified that exo-miR-210 whose expression was significantly reinforced in glioma patients and elevated with ascending pathological grades, could effectively identify glioma patients from healthy controls (AUC=0.856) (112).

The aforementioned dysregulations of exosomal miR-301a, miR-454-3p and miR-210 was also connected with the prognosis of glioma patients. Specifically, the expression of serum exosomal miR-301a was significantly diminished following the surgical removal of primary tumors and increased during GBM recurrence. Kaplan-Meier analysis suggested that malignant patients with an elevated exosomal miR-301a expression generally have a poorer survival (OS) (24). Similarly, enhanced expression of miR-454-3p (111) and miR-210 (112) in glioma serum exosomes were both related to poor prognosis. Another study also reported that augmented levels of exosomal miR-181b in GBM patients’ serum could indicate a worse functional outcome and suggest a prominently shorter post-surgical survival time for GBM patients (113). Also, Caponnetto et al. analyzed and compared the miRNA profile of exosomes released by glioma-associated stem cells (GASC), and confirmed that abnormal expression levels of exosomal miRNAs probably contributed to the malignant progression phenotypes. These exosomal miRNAs from serum warrant further investigation for the improvement of LGG prognostic stratification (114).

In addition to sera, increasing research have focused on identifying promising biomarkers based on exosomal miRNAs attained from glioma patients’ plasma. In a recent study by Xu et al, circulating exosomal miR-375 in the plasma of glioma patients was prominently reinforced and the extent of this upregulation was positively associated with tumor grades, indicating that miR-375-containing exosomes held great promise as a diagnostic marker (115). Similarly, Tabibkhooei et al. demonstrated that enhanced expression of miR-210 and declined expression of miR-5149 and miR-449 in plasma had a positive correlation with histopathological grade of glioma, which favored GBM detection and prognosis prediction. That implied that plasma exosomal miRNAs are expected to be novel biomarkers of GBM (116). Another study also confirmed that miR-2276-5p expression levels were declined in the plasma-derived exosomes of glioma patients compared with those of non-glioma controls and its expression was lower in HGG patients than in LGG patients. Exosomal miR-2276-5p could effectively diagnose glioma patients with an AUC of 0.8107. Furthermore, low levels of exosomal miR-2274-5p in glioma were linked to poorer survival rates (117).

Aberrant expression of exosomal miRNAs, a hallmark of glioma, can be detected in blood, and other body fluids, including CSF. For instance, Akers and colleagues proved that miR-21 expression levels were highly elevated in EVs derived from CSF of GBM patients relative to those from non-oncologic patients. CSF EV miR-21 could function as a feasible biomarker of GBM, with an AUC of 0.9 (118). Consistent with this finding, the data from Shi’s group have highlighted that according to its reinforced expression in gliomas, CSF-derived exosomal miR-21 appeared as an excellent index to distinguish glioma and non-neoplastic brain diseases yielding an AUC of 0.927. Moreover, it had the potential to specifically separate GBM and grade II gliomas with an AUC value of 0.751. The authors also identified that a high abundance of miR-21 bore an inverse correlation with patients’ survival (119). Both of the aforementioned studies suggest that expression levels of exosomal miR-21 in CSF could be a promising indicator applying for glioma diagnosis and prognosis. Another recently published paper has observed that glioma patients had enhanced expression of miR-182-5p from serum- and CSF-derived exosomes compared with healthy individuals, and high-grade patients, GBM patients, in particular, showcased higher exosomal miR-182-5p than LGG patients. Additionally, a dramatic drop in miR-182-5p expression was detected in the postoperative period. Exosome-mediated miR-182-5p, thereupon, could be a desirable diagnostic and prognostic biomarker of glioma (36). Moreover, CSF exosomal miR-1246 was associated with glioma and could potentially be applied for monitoring tumor recurrence after surgery (49). Finally, augmented expression of small EVs-derived miR-9-5p was linked to a decreased survival in IDH-mutated glioma patients, suggesting that miR-9-5p within the EVs from blood and CSF might be explored as a potential molecular biomarker (120).

Acquired drug resistance is emerging as a leading clinical limiting factor in the treatment of gliomas. Thereby, the identification of potential drug-resistant patients and exploration of alternative treatment timely are relevant to ameliorate prognosis. Exosomes can influence therapy resistance as delivery vehicles of miRNAs and can predict therapeutic responses as biomarkers. Zeng et al. identified that GBM patients with attenuated CSF exosomal miR-151a levels exhibited a worse prognosis, revealing a dismal response to TMZ (41). Additionally, miR-574-3p derived from serum exosomes was significantly diminished after radiotherapy, and it was proposed as an important candidate biomarker for evaluating the therapeutic effect of radiotherapy in glioma (121). Furthermore, reinforced expression levels of serum exosomal miR-21, miR-222 and miR-124-3p were associated with HGG progression. Specifically, after the chemo-radiotherapy, HGG patients with high levels of these miRNAs showed significantly shorter progression-free survival (PFS) and overall survival (OS) (122). Hence, the profiles of exosomal miRNAs could potentially predict the therapeutic response in glioma patients.

Exosomes contain not only miRNAs but also other noncoding RNAs (ncRNAs), including circular RNAs (circRNAs) or long non-coding RNAs (lncRNAs). Exosomal miRNA mediated glioma progression via interacting with circRNAs or lncRNAs. Accumulative studies have also focused on the expression of exosomal circRNAs/lncRNAs in serum of glioma patients. For example, exosomal circ_0072083 was reported to contribute to TMZ resistance in glioma via modulating exosomal miR-1252-5p-mediated nanog homeobox (NANOG) degradation. Moreover, exosomal circ_0072083 could serve as an independent diagnostic target for gliomas with an AUC of 0.85, and patients with high expression of exosomal circ_0072083 displayed poorer OS (123). Also, Yin’s team found that exosomal circMMP1 in serum facilitated the progression of glioma via functioning as a competitive endogenous RNA (ceRNA) of miR-433 (124). Furthermore, exosomal lncSBF2-AS1 transferred from TMZ-resistant GBM cells to chemoresponsive GBM cells could function as a ceRNAs for miR-151a-3p, contributing to the TMZ resistance (125). Consistently, based on the findings from Hao’ group, lncRNA PTENP1 could be packaged into exosomes of human umbilical cord mesenchymal stem cells and transferred into U87 glioma cells, and subsequently impaired the cell growth via suppressing the expression of miR-10a-5p (126). All these studies have demonstrated that exosomal ncRNAs could be served as the promising diagnostic/prognostic markers and therapeutic targets.

To sum up, the multiple exosomal ncRNAs, miRNAs in particular, from serum, plasma, CSF and other body fluids will promote the broad application of exosome-based liquid biopsy strategies in the early diagnosis, prognosis and therapeutic response prediction of gliomas.



The Potential Application of Exosomal miRNAs in Anti-Glioma Treatment

Given the pivotal biological meanings of exosomal miRNAs in glioma, approaches that specifically target exosomes or exosomal cargoes including miRNAs, are emerging as promising therapies for gliomas. Among the potential therapeutic applications of exosomes, significant attention has been dedicated to applying these vesicles as nanocarriers to deliver small molecules, proteins and nucleic acids such as miRNAs (127). Despite the development of novel methods to engineer exosomal cargoes in producer cells, low yields of exosomes impede the widespread application of exosome-based therapies. Thereupon, some studies have been established to regulate exosomes production to treat cancer. For example, Li et al. confirmed that two intriguing compounds termed MOPIPP and vacuolin-1 could facilitate the vacuolization of endosomal compartments and disrupt the trafficking of late endosomes to lysosomes without exhibiting significant cytotoxicity. Thus exosomes production in GBM cells was enhanced, whereas selected miRNAs carried by the exosomes were identified to show qualitative similarity to those in untreated cells, suggesting that MOPIPP and vacuolin-1 could help develop exosome-based anti-cancer therapeutics (128). However, the potential action mechanism of these compounds should be further explored.

MiRNAs may be a novel antineoplastic agent as they can modulate the posttranscriptional expression of target genes (129–132). Restitution of several downregulated tumor-suppressor miRNAs could repress the growth of GBMs, indicating that certain miRNAs could be used for anti-glioma therapeutics (133). Currently, it seems unsuitable to use available vehicles to deliver miRNAs containing liposomes and viral vectors because of their low efficiency and safety (134). As nature miRNAs carriers, exosomes may be employed to provide tumor-suppressor miRNAs to mediate tumor growth suppression and realize personalized treatment (Table 3). For example, Fareh et al. engineered patients’ derived GSCs to stably and continuously express the miR-302-367 cluster, and a large amount of tumor-suppressor miRNA was enclosed in exosomes which were absorbed by neighboring GSC. Thus, its targets containing Cyclin D1, Cyclin A, E2F transcription factor 1 (E2F1) and C-X-C motif chemokine receptor 4 (CXCR4) pathway were repressed, so did the proliferation and tumorigenicity of GSCs (135). Emerging studies have proved that decoy or sponge-like constructs could be employed for miRNA inhibition. They have potential therapeutic benefits by binding complementary miRNA(s) or seed sequences, which can impede the crosslink between miRNAs and their targets (147–149). Monfared and colleagues tried to down-regulated the expression of miR-21 in GBM cell lines, U87-MG and C6, through utilizing engineered exosomes packed with a miR-21-sponge construct. They found that cells treated with miR-21-sponge exosomes exhibited a decline in proliferation and an elevation in apoptotic rates (136). Thereupon, exosomes can be used as a promising therapeutic delivery vehicle in glioma treatment.


Table 3 | Identification of exosomal miRNAs as potential anti-glioma therapeutics.



Recently, accumulative evidence has highlighted that mesenchymal stem cells (MSCs), as a novel approach, can overcome the demerits of previous therapies for gliomas (150, 151). MSCs can pass through the BBB and possess inherent tropism towards tumors and low immunogenicity (152). Additionally, MSCs may exert their therapeutic capacity via producing and secreting useful exosomes in glioma treatment (153). Several investigations have suggested the delivery of tumor-suppressive miRNAs to cancers through MSC-derived exosomes (154, 155). Studies on glioma have identified that exosomes displayed anti-glioma effects when tumor-suppressive miRNAs expression was elevated in the exosomes-donating MSCs, which revealed the considerable potential for the application of MSC-derived exosomes in treating gliomas. To the end, Lang and colleagues found that MSCs could be exploited as natural biofactories to produce exosomes carrying supraphysiological levels of miR-124a, an effective anti-glioma agent Exo-miR124a exosomes resulted in significantly repressing the viability and clonogenicity of GSCs. When systemically administered, the mice bearing intracranial GSCs xenografts were cured. Mechanistic studies proved that miR-124a acted through silencing Forkhead box (FOX)A2, contributing to abnormal intracellular lipid accumulation (137). Moreover, Yan and co-workers found that miR-512-5p was poorly expressed in GBM tissues and cells, and exosomes derived from miR-512-5p-transfected BMSCs were internalized by U87 cells, thus interfering with GBM cell proliferation and inducing cell cycle arrest through negatively regulating Jagged 1 (JAG1) (138). Furthermore, miR-29a-3p, a tumor suppressor in diverse malignant tumors, was demonstrated to directly target roundabout guidance receptor 1 (ROBO1), thus mitigating vasculogenic mimicry (VM) formation in gliomas. MSCs could be engineered to produce miR-29a-3p-overexpressing exosomes, and treatment with these exosomes restrained migration and VM formation, thereby suppressing the growth of glioma in vitro and in vivo (139). VM, a kind of alternative microvascular circulation bypassing the canonical VEGF-driven angiogenesis, shows resistance to anti-angiogenesis therapy (156). Tumor necrosis factor-related apoptosis-inducing ligand (TRAIL) has strong potential to kill cancerous cells by inducing apoptosis, with minimal effect on normal cells (157). Zhang et al. identified that miR-7 could sensitize GBM cells to TRAIL-induced apoptosis and reinforced expression of miR-7 in TRAIL-overexpressed MSCs, increased apoptosis and repressed tumor growth in an exosomes-dependent fashion (140). Additionally, based on the report of Katakowsk’s group, the delivery of exosomes derived from MSCs directly by intratumoral injections prominently decreased the growth of glioma xenograft in the rat brain with the inclusion of miR-146b. The anti-tumor effect of MSCs-derived exosomes was underpinned by concurrent inhibition of factors including EGFR, NF-kappaB and mothers against decapentaplegic homolog 4 (SMAD4) (141). It was also found that MSCs-derived exosomes transmitting miR-133b into glioma cells could inhibit EZH2 expression by disrupting the Wnt/β-catenin signaling pathway, thereupon repressing proliferation, invasion and migration of glioma cells (142). Moreover, transferring miR-584-5p through exosomes derived from MSCs could suppress the proliferation and migration of U87 cells via decreasing levels of cytochrome P450 family 2 subfamily J member 2 (CYP2J2). This move could also repress glioma metastasis through reducing expression of Matrix metalloproteinase-2 (MMP-2), and induce carcinoma cells apoptosis via decreasing levels of B-cell lymphoma-2 (BCL-2), an anti-apoptotic protein, and increasing expression levels of BCL-2 associated X (BAX), a pro-apoptotic protein (143). Exosomal miR-375 from human marrow stromal cells (hMSCs) resulted in suppressed cell proliferation, invasion and migration while promoted apoptosis through solute carrier family 31 member 1 (SLC31A1) inhibition (144). Similarly, miR-199a, when delivered by MSCs via the exosomes, could negatively regulate ArfGAP with GTPase domain, ankyrin repeat and PH domain 2 (AGAP2), thereby repressing the proliferation, invasion and migration of glioma cells in vivo, and ameliorating the chemosensitivity to TMZ and suppressing the tumor growth in vivo (145).

Until now, Studies of MSCs have focused primarily on BMSCs. However, the derivation of stem cells from Wharton’s jelly (WJ) in the human umbilical cord also possesses various advantages. Compared to other sources of MSCs, Wharton’s jelly MSCs (WJ-MSCs) display greater expansion capacity, a higher rate of proliferation, reinforced neurotrophic factors and a stronger potency to default neuronal lineage differentiation. Although these cells are characterized by exceptionally low immunogenicity, they have high neuroprotective potential and appear as a superior source for the application of MSCs without ethical limitations (158–160). Sharif et al. confirmed that WJ-MSCs could efficiently deliver exogenous miR-124 to U87 GBM cells via exosomes, ameliorating GBM cells’ chemosensitivity to TMZ and decreasing proliferation and migration of GBM cells. Mechanically, mitigated expression of cyclin-dependent kinase 6 (CDK6) by the delivered miR-124 diminished the proliferation of GBM cells. Besides, the migration of GBM cells was attributed to the inhibition of IQ motif containing GTPase activating protein 1 ((IQGAP1), laminin c1 (LAMC1) and integrin b1 (ITGB1). At the same time, miR-124 also governed the chemosensitivity of GBM cells by targeting R-Ras and N-Ras (146). These studies suggest that MSCs could naturally package anti-tumor miRNAs into exosomes, illustrating their considerable potential for therapeutic applications. Nevertheless, many in-depth studies are required before these therapeutic strategies are available for clinical usage.




Databases Associated With Exosomal miRNAs

Exosomal miRNAs are key factors in causing various types of cancers, including gliomas. Therefore, it has attracted attention. In recent years, a series of databases linked to miRNAs have been developed, offering information concerning miRNAs and their targets. Deep base database can be used for the comprehensive annotation and mining of small RNAs containing miRNAs, lncRNAs and circRNAs sequencing from transcriptomic data. Thus, the expression of diverse non-coding RNAs and downloading data can be viewed (161). TargetScan (162) and PicTar (163) offer miRNA target predictions by relying on the complementarity between sequence and target sites, emphasizing the perfect base pairing within the seed region and sequence conservation. miRbase is a primary public repository where published miRNA sequences and annotation are archived, and a target gene prediction service is also provided (164). MiRDB, an online platform for miRNA target prediction and functional annotations, uses common features related to miRNA binding and target down-regulation, enabling the identification and prediction of miRNA targets with machine-learning methods (165). MicroRNA appears as a comprehensive resource of miRNA target predictions and expression profiles. It is implemented by miRanda algorithm, which combines current biological knowledge regarding target rules and the application of an up-to-date compendium of mammalian miRNAs (166). Hsu and colleagues developed an integrated resource, miRNAMap 2.0, which was helpful to elucidate the miRNA/target association, especially for humans, by employing three computational tools including Miranda, RNAhybrid and TargetScan to verify miRNA targets within 3’-UTR of the gene and known miRNA targets (167).

Moreover, some databases presented evidence for experimentally verifying miRNAs and their target genes. To this end, DIANA-TarBase, as a manually curated database, contains experimentally verified miRNA-target interactions, with detailed information concerning meta-data, experimental methodologies and conditions (168). MiRWalk offers predicted and validated information about miRNA-targe interaction and allows researchers to verify novel miRNA targets in the 3′-UTR and other regions of the known genes (169). Yang et al. introduced a novel database, namely starBase, which includes high-throughput sequencing data derived from 21 Argonaute CLIP-Seq and 10 Degradome-Seq experiments performed in 6 organisms. This database can contribute to the comprehensive investigation of miRNA-target interaction maps (170). miRecords, an integrated resource providing animal miRNA-target gene prediction, hosts a large and high-quality database of experimental tested miRNA-target interactions, which emphasizes the systematic and structured experimental documentation for each interaction (171).



Conclusion and Perspective

Exosomes, as a sub-group of EVs, serve as major conduits for cell-to-cell communication. Intercellular signal transduction via shuttling molecular cargo mediates the physiologic and pathophysiologic processes of diverse recipient cells. According to current findings, miRNAs can be selectively absorbed into exosomes and serve essential roles in the proliferation, invasion and migration, angiogenesis, therapeutic resistance and immune suppression of gliomas. Furthermore, the fact that exosomes carry many bioactive substances and can easily pass-through biological barriers, including BBB. Thus, they have great potential for clinical application, covering diagnosis, prognosis, and therapy.

Although the outlooks of exosomal miRNAs in the clinical application are broad, there are some challenges. For instance, standard technology is a must for the isolation and purification of exosomes. Exosomes in various body fluids often represent a heterogeneous group of vesicles, the origin of which is unknown. Consequently, the identification and isolation of the exosomes associated with specific tumors are extremely critical. However, this could be difficult to realize, as multiple approaches for isolation have their own merits and demerits. Additionally, the maximum use, normalization and quantitation of exosomes are still problems, as the number of genetic materials in biofluid exosomes is limited. More detailed investigations are required to broaden our current knowledge about exosome biogenesis, secretion and uptake, and specific sorting mechanisms of exosomal miRNAs. If we work out mechanisms underlying these complex processes, we may readily manipulate the exosomes, pack miRNAs, proteins or DNA of interest, and target exosomes to specific cell types or tissues, thus malignant glioma patients can be effectively treated. Finally, large-scale prospective studies are needed to obtain results with high reproducibility and substantiate the efficacy and safety of exosomal biomarkers management in patients. In conclusion, with the continuous understanding of these unknown substances, exosomes will exhibit increasing application value in clinical diagnosis, prognosis and therapy of cancers.
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Background

An increasing number of RNA modification types other than N6-methyladenosine (m6A) modification have been detected. Nonetheless, the probable functions of RNA modifications beyond m6A in the tumor microenvironment (TME), mesenchymal (MES) transition, immunotherapy, and drug sensitivity remain unclear.



Methods

We analyzed the characteristics of 32 non-m6A RNA modification regulators in 539 glioblastoma (GBM) patients and the TME cell infiltration and MES transition patterns. Using principal component analysis, a non-m6A epitranscriptome regulator score (RM score) model was established. We estimated the association between RM score and clinical characteristics, TME status, GBM subtypes, and drug and immunotherapy response.



Results

Three definite non-m6A RNA modification patterns associated with diverse biological pathways and clinical characteristics were identified. The high RM score group was characterized by a poor prognosis, enhanced immune infiltration, and MES subtype. Further analysis indicated that the high RM score group had a lower tumor mutation burden as well as a weaker response to immunotherapy. The higher RM score group may benefit more from drugs targeting the EGFR and WNT signaling pathways.



Conclusion

Our study exposed the potential relationship of non-m6A RNA modification regulators with clinical features, TME status, and GBM subtype and clarified its therapeutic value.





Keywords: glioblastoma, non-m6A RNA modification, tumor microenvironment, mesenchymal transition, immunotherapy



Introduction

Glioblastoma (GBM) is the most ordinary malignant intracranial cancer (1). Patients with GBM have an approximately 14–16-month median survival time, and GBM is highly resistant to standard therapies because of its extraordinary immunosuppressive microenvironment and mesenchymal (MES) transition (2–4).

There are over 160 posttranscriptional RNA modifications (5). RNA modifications modulate the structure as well as functions of RNAs, which results in several diseases, including GBM (6, 7). In eukaryotic cells, the most common RNA modification is N6-methyladenosine (m6A) (8, 9). Intensive investigations have indicated that m6A facilitates a broad range of critical functions, including embryogenesis, neurogenesis, hematopoiesis, and tumorigenesis (10–13). Indeed, an increasing number of RNA modifications beyond m6A have been found and studied with the development of technology (14). We found that some RNA modifications have been recently reported to be widespread on mammalian RNA; these include pseudouridine (Ψ), N6,2′-O-dimethyladenosine (m6Am), N1-methyladenosine (m1A), alternative polyadenylation (APA), N7-methylguanosine (m7G), 2′-O-methylated nucleotides (Nm), 5-methylcytidine (m5C), N4-acetylcytidine (ac4C), adenosine-to-inosine RNA editing (I), and cytidine-to-uridine RNA editing (U) (14–16).

Ψ, the most abundant non-m6A modification, is generated by uridine isomerization (17). Ψ “writers” include TRUB1, TRUB2, PUS1, PUS7, and DKC1 (18). Ψ is required for proper folding and translation of transfer RNA (tRNA), ribosomal RNA (rRNA) structure stabilization, small nuclear ribonucleoprotein (snRNP) biogenesis, and messenger RNA (mRNA) splicing (19–21).

Detected at an approximately 10-fold lower m6A level, m1A is involved in the methylation of the adenine base on the first nitrogen atom as well as carries positive electricity (22). The m1A methylation process is mediated by methyltransferases (writers) consisting of TRMT61B, TRMT6, and TRMT61A, while the removal process is catalyzed via demethylases (erasers) containing ALKBH3, ALKBH1, and FTO (23–25). Various specific RNA-binding proteins (readers), including YTHDC1, YTHDF3, YTHDF2, and YTHDF1, can recognize the m1A motif, thus affecting m1A functions (26). m1A is necessary for tRNA structure stabilization, proper rRNA biogenesis, and methylated mRNA translation (22, 27). If 2′-O-methyladenosine is the first ribotide behind the m7G cap of mRNA, it could be methylated at the N6 position to render m6Am, which is related to mRNA metabolism (28, 29). PCIF1 is the writer that creates the m6Am modification, and FTO is the eraser of m6Am (25, 30). APA cleaves mRNA at more than one site and adds poly (A) tails to generate different transcripts of the 3′-untranslated region (3′UTR) or coding regions, which regulates the function, stability, and translation efficiency of RNAs (31). PABPN1, NUDT21, CLP1, PCF11, and CPSF6 can regulate the APA process (32).

At levels similar to those of m1A, m7G, a modification carrying a positive charge at the 5′ cap, is necessary for mRNA export, splicing, and translation (33). In addition, the METTL1-catalyzed m7G tRNA methylome is important for the translation of mRNA (34). Nm is relatively widespread in rRNA, tRNA, snRNA, and microRNA and can be installed by FBL (35, 36). In addition, Nm is essential for adjusting the structure and function of ribosomes (37).

Appearing in both coding and non-coding regions, m5C sites are chiefly CG-rich regions that accumulate in the UTRs of mRNA (38). The writer of m5C is NSUN2, while the eraser is TET2 (14, 39, 40). In addition, YBX1 has been reported to be an m5C reader (41). m5C modification plays an essential role in mRNA export, tRNA structure stabilization, and rRNA translational fidelity (39, 42). Catalyzed by NAT10 and THUMPD1, ac4C was subsequently discerned in serine and leucine 18S rRNA and tRNAs. ac4C, the sole acetylation modification in eukaryotic RNA, regulates mRNA translation and ribosome biogenesis (43, 44).

RNA editing is a kind of programmed posttranscriptional mechanism altering nucleotides in selected transcripts (45). Catalyzed by ADAR, ADARB1, and ADARB2, RNA editing can transform the sequence as well as alter transcriptional procedures (46). Accumulating in 3′UTRs, U RNA editing alters the protein level (47). UPP1 can catalyze the phosphorolysis of uridine to uracil (48, 49).

To thoroughly comprehend the significance of RNA modifications beyond m6A, investigation of the crosstalk among diverse patterns of RNA alterations is urgently needed. Ten kinds of non-m6A RNA modification “regulators” may build a complex and significant regulatory network in GBM, which might help elucidate GBM tumorigenesis mechanisms.

Immune checkpoint blockade therapy (ICB therapy), also known as immunotherapy, has delivered promising clinical outcomes for various cancers; nevertheless, it commonly exhibits a poor response due to the tumor microenvironment (TME) (50, 51). Unfortunately, a large number of patients with GBM have not experienced outstanding survival benefits; that is, immunotherapy for GBM is far from reaching clinical expectations (52). Accordingly, to enhance the effect of immunotherapy for GBM, it is crucial to thoroughly investigate the immunosuppressive TME. Recent studies have revealed that m6A plays a significant role in complex TME formation (53, 54). Estimating m6A patterns of a type of tumor to characterize TME infiltration could guide more effective immunotherapy strategies (55, 56). Non-m6A RNA modification as well as correlative regulators are highly related to the microenvironment of immune cells as well as tumor cells. TET2 deficiency in Treg cells results in T-cell activation (57). NAT10 regulates the function of CD4+ T cells (58). However, few studies have systematically analyzed the non-m6A RNA modification patterns of individual tumors, while these RNA modifications play a non-negligible role in tumorigenesis (16, 59).

Based on genetic transcription signatures, GBM can be categorized into three subtypes (MES; classical, CL; as well as proneural, PN) (3). MES transition promotes radiochemotherapy resistance in GBM (60, 61). The MES subtype is particularly aggressive among these three subtypes, while the PN subtype yields the best prognosis (62, 63). In addition, the MES-subtype GBM promotes the formation of an immunosuppressive TME, while the TME advances the MES transition in GBM (62, 64). An increasing number of studies have demonstrated that non-m6A RNA modification regulators are significantly correlated with MES transition. It has been reported that ADAR and YBX1 promote MES transition by regulating oncogenic microRNA maturation (65, 66). Nevertheless, research on RNA modifications beyond m6A is still not as mature as that for m6A for many reasons, including technology limitations. Accordingly, it is significant to investigate the non-m6A epitranscriptome patterns and characteristics of TME infiltration and MES transition in GBM.

In this study, we explored somatic mutation data for 390 GBM cases from The Cancer Genome Atlas (TCGA, http://portal.gdc.cancer.gov/; http://xena.ucsc.edu/) and integrated gene expression data from 539 GBM samples from TCGA and Chinese Glioma Genome Atlas (CGGA, https://www.cgga.org.cn/) cohorts to evaluate the RNA modification patterns. We discovered that non-m6A RNA modification patterns were associated with TME cell-infiltrating characteristics as well as MES transition. Next, according to differentially expressed genes (DEGs), we established a non-m6A epitranscriptome “regulator” score (RM score) to evaluate the effect on the non-m6A epitranscriptome in individual patients. Eventually, we verified the pertinence of the RM score in distinguishing the posttranscriptional and transcriptional events as well as evaluated its importance in predicting the response to targeted and ICB therapy.



Materials and Methods


Data Collection and Processing

The study workflow chart is shown in Figure S1A. Genetic transcription data as well as clinical information on GBM patients were obtained from TCGA and the CGGA. Somatic mutation counts and copy number variation (CNV) were obtained from the TCGA database. In total, 539 GBM samples (CGGA_batch_1:139, CGGA_batch_2:249, TCGA:151) were gathered in this study for further analyses. We used sva package’s “ComBat” algorithm to correct non-biotechnology deviations causing batch effects. R Bioconductor packages and R (version 4.10) were used to analyze the data.



Unsupervised Clustering for 32 Non-m6A RNA Modification Regulators

We extracted 32 non-m6A RNA modification regulators and their expression from the TCGA and CGGA databases. These non-m6A RNA modification regulators included 10 RNA modification types, which are listed in Table S1. Using unsupervised cluster analysis, different non-m6A RNA modification patterns concerning 32 non-m6A RNA modification regulatory factors were identified, and the patients were classified into different clusters. We applied the Consensus Cluster Plus package to execute the steps above with1,000 repetitions to guarantee classification stability.



Gene Functional Annotation Based on Gene Set Variation Analysis

To analyze the differences in biological processes between non-m6A RNA modification patterns, gene set variation analysis (GSVA) enrichment was performed via the “GSVA” R package. We downloaded the gene set “c5.go.bp.v7.4” as well as “c2.cp.kegg.v7.4” from the Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/index.jsp) for GSVA.



TME Cell Infiltration Estimation

First, single-sample gene set enrichment analysis (ssGSEA) was used to identify tumor immune-infiltrating cell abundance in GBM samples. The markers of 28 immune-related cells and types were obtained from the dataset of Bindea et al. (67). Using an unsupervised hierarchical clustering algorithm, 539 GBM samples were assigned to two groups based on immune infiltration. Next, ESTIMATE was used to calculate the immune score as well as stromal score (68). Then, we used CIBERSORT (http://cibersort.stanford.edu/) to measure the infiltration levels of 22 distinct immune cells among the GBM samples.



Estimation of the MES/PN Score

Verhaak et al. identified three prognostic subtypes by integrated genomic analysis (69). There are significant prognostic differences between different subtypes, and accurate identification of subtypes can also guide treatment strategies. We downloaded the gene sets “VERHAAK_GLIOBLASTOMA_MESENCHYMAL” and “VERHAAK_GLIOBLASTOMA_PRONEURAL” from the MSigDB database v7.4 and quantified the MES and PN scores of the GBM samples using the ssGSEA algorithm.



Identification of DEGs Among Non-m6A RNA Modification Patterns

To identify non-m6A RNA modification-related genes, DEGs among three different non-m6A RNA modification characteristics were arranged via the limma R package. The significance criterion for DEGs was p-value <0.01. To evaluate the function of DEGs, Gene Ontology (GO) analysis was performed to calculate biological process (BP), molecular function (MF), and cellular component (CC) terms using DAVID (https://david.ncifcrf.gov/) with a p-value cutoff of <0.05.



Cell Lines and Cell Culture

U-118 MG (Chinese Academy of Sciences Cell Bank) and LN-229 (ATCC Cell Bank) cell lines were cultured in DMEM (Sigma, USA) supplemented with 10% FBS (Thermo Fisher Scientific, USA). THP-1 cells (Chinese Academy of Sciences Cell Bank) were cultured in RPMI-1640 (Sigma) supplemented with 10% FBS. The cell lines were incubated at 37°C with 5% CO2. To induce their differentiation into macrophages, THP-1 cell lines were incubated with 100 ng/ml phorbol 12-myristate 13-acetate (PMA, Sigma) for 24 h.



Small Interfering RNA and Plasmid Transfection

Small interfering RNAs (siRNAs) targeting UPP1 and plasmid overexpression of FTO were synthesized (GenePharma, China). SiRNAs and plasmids were transfected with Lipofectamine™ 3000 reagent (Thermo Fisher Scientific) according to the protocol of the manufacturer.



Western Blotting

Protein was extracted from GBM cell lines. The blots were incubated with primary antibodies against UPP1 (Abcam, UK), FTO (Cell Signaling Technology, USA), and ACTIN (Cell Signaling Technology).



5-Ethynyl-2′-deoxyuridine Cell Proliferation Assay

A 5-ethynyl-2′-deoxyuridine (EdU) cell proliferation assay kit (RiboBio, #C10310-1; China) was used to evaluate the proliferative activity of GBM cells. The cell proliferation rate was assessed via the ratio of EdU-positive (red) cells to total Hoechst-positive (blue) cells.



Transwell Assay

To evaluate migratory ability, GBM cells were added to the top chamber in DMEM without FBS, and the bottom chamber was filled with 10% FBS DMEM. To measure the ability to recruit macrophages, macrophages were added to the top chamber in RPMI-1640 without FBS, and the bottom chamber was filled with 10% FBS RPMI-1640 and growth media of different groups of GBM cells. After 24 h of incubation, the membrane was fixed in 4% paraformaldehyde and stained with crystal violet.



Constructing the RM Scoring System to Evaluate Individual GBM Samples

First, overlapping DEGs distinguished from non-m6A RNA modification clusters were chosen for analysis. Then, we analyzed the prognostic value for each overlapping DEG via a univariate Cox regression model, and significant prognostic genes were identified. Next, the PCA algorithms were used to generate the RM score. Both principal component 2 and principal component 1 were selected to describe the RM scoring system.

	

where i is the DEG expression.



Immunofluorescence

Tumor tissues were obtained from 12 patients treated for GBM at Qilu Hospital. RNA quantity and quality were estimated via an Agilent 2100 bioanalyzer (Agilent Technologies) and a Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific). The mRNA library was prepared by using the NEBNext® Ultra™ RNA Library Prep Kit (Beijing Novel Bioinformatics Co., Ltd.). The HiSeqX platform (Illumina) on the Illumina standard protocol was used for RNA sequencing. Next, we performed a PCA algorithm based on the expression of DEGs to calculate the RM scores of the 12 GBM patients. We selected three cases with the highest as well as three cases with the lowest scores and performed immunofluorescence (IF) staining. After blocking with 5% goat serum (Gibco, USA) for 30 min, samples were incubated with primary antibodies at 4°C overnight. The following primary antibodies were used: rabbit SOX2 antibody (3579, Cell Signaling Technology, 1:400, USA), mouse CD44 antibody (3570, Cell Signaling Technology, 1:400), mouse CD163 antibody (ab156769, Abcam, 1:100, UK), and rabbit FoxP3 antibody (12653, Cell Signaling Technology, 1:400). Next, the samples were incubated with fluorophore-conjugated secondary antibodies at 37°C for 1 h. Alexa Fluor 594 anti-rabbit antibody (A11037; Invitrogen; 1:400) and Alexa Fluor 488 anti-mouse antibody (A11029; Invitrogen; 1:400) were used. DAPI was used to stain the cell nuclei. All immunostained samples were analyzed using Leica Application Suite Software and a Leica TCS SP8 confocal system. ImageJ was used to analyze the fluorescence intensity.



Summary of Genomic and Clinical Information of the Immunotherapy Cohort

We analyzed gene expression-related clinical information of the immunotherapy cohort and identified two independent immunotherapy cohorts: advanced urothelial tumor with atezolizumab treatment (IMvigor210 cohort, http://research-pub.gene.com/IMvigor210CoreBiologies/packageVersions/) and metastatic melanoma with pembrolizumab treatment (GSE78220 cohort). We obtained the expression data and clinical annotations of the GSE78200 cohort from the Gene Expression Omnibus (GEO) database.



Association Analysis Between Drug Sensitivity and RM Score

Cancer Cell Line Encyclopedia (CCLE) RNA-seq data were obtained from https://portals.broadinstitute.org/ccle/. Cancer cell line drug responses, measured as area under the curves (AUCs) and drug pathways, were obtained from Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org/downloads). Spearman correlation analysis was applied to estimate the association between drug sensitivity and RM score.



Comparison of the m6A Score and the RM Score

The Bayesian information criterion (BIC) as well as Akaike information criterion (AIC) was applied to compare the two models. A model with lower BIC and AIC values was identified as a better model.



RM Score Among Clinical Traits in Pan-Cancer

Univariate Cox regression analysis was used to investigate the time-dependent prognostic value of RM score in Pan-cancer. Overall survival (OS) and progression-free survival (PFS) were selected to study the relationship between RM score and prognosis. In addition, the correlation between RM score and 22 immune cell infiltration was calculated in 33 cancers, respectively.



Statistical Analysis

The statistical analyses were generated by R-4.0.1. Distance and Spearman correlation analyses were applied to calculate 32 RNA modification expression correlation coefficients. Kruskal–Wallis and one-way ANOVA tests were applied to appraise difference comparisons of more than three collections. To assess the relationship between patient survival and the RM score, the optimal cutoff point for survival information for each dataset was determined using the survminer package. The log-rank test and Kaplan–Meier analysis were applied to assess survival among different clusters as well as RM score groups. The hazard ratio (HR) of DEGs was calculated via a univariate Cox regression model. To evaluate whether the RM score serves as an independent predictor for survival, sex, age, and isocitrate dehydrogenase (IDH) status were considered variables in the multivariate Cox regression model analysis. Statistical analysis was two-sided, as well as p <0.05 was regarded as statistically significant.




Results


Landscape of Genetic Variations in Non-m6A RNA Modification Regulators in GBM

A total of 32 non-m6A RNA modification regulators (Table S1) were included in the current study. Figure 1A shows that these non-m6A RNA modification regulators can dynamically and reversibly add, remove, and recognize non-m6A RNA-modified sites and potentially change biological functions, such as splicing, stability, export, translation, and degradation of RNA. We first summarized the somatic mutation prevalence of 32 non-m6A RNA modification regulators among GBM. Among 390 samples, 24 showed genetic alterations of non-m6A RNA modification regulators, with a frequency of 6.67% (Figure 1B). These mutations were multifarious and included splicing-related mutations, missense mutations, and deletions (Figure 1B). The mutation frequency of ADARB2 was the highest, while PABPN1, TRUB1, TRUB2, NAT10, PUS1, and TRMT61A showed no mutations among the 390 GBM patients (Figure 1B). Further analyses revealed mutation co-occurrence relationships among YTHDF2, YTHDF1, TRMT61B, THUMPD1, METTL1, FTO, FBL, YTHDF3, and UPP1 (Figure S1B). Moreover, the investigation of 32 non-m6A RNA modification regulators exhibited that CNV-related mutations were widespread. METTL1, CPSF6, PUS1, ADARB2, ADAR, and UPP1 showed widespread CNV amplification, while PABPN1, FBL, ALKBH1, and TRUB1 had CNV deletions (Figure 1C). The CNV alteration locations of 32 non-m6A RNA modification regulators on chromosomes are presented in Figure 1D. To determine whether genetic variations affected non-m6A RNA modification regulator expression among GBM cases, we analyzed the expression of these regulators between GBM and normal samples to determine whether CNV alterations could result in perturbations in non-m6A RNA modification regulator expression. Non-m6A RNA modification regulators with CNV amplification demonstrated substantially higher expression in GBM tissues than in normal brain tissues, while those with deletions exhibited the opposite trend (Figures 1C, E). Moreover, we determined that the regulator expression patterns significantly varied among the three subgroups (Figure 1F). O6-methylguanine DNA methyltransferase (MGMT) methylation, isocitrate dehydrogenase 1 (IDH1) mutation, and chromosomal 1p/19q codeletion have been found to confer a favorable prognosis in GBM (70). The same phenotypes were investigated in groups classified based on molecular subtypes (Figures S1D–F). Based on the expression of 32 non-m6A RNA modification regulators, we distinguished patients with GBM from normal controls (Figure S1G). The analyses revealed high genetic and transcriptomic landscape heterogeneity among non-m6A regulators between GBM and normal cases, indicating that genetic variations and expression alterations among non-m6A RNA modification genes play an essential role in GBM progression and occurrence.




Figure 1 | Expression and mutational data landscape of 32 non-m6A RNA-modified regulators in glioblastoma (GBM). (A) Landscape of this study workflow. (B) Mutation frequency of 32 non-m6A RNA modification genes in 390 GBMs from The Cancer Genome Atlas (TCGA) database. (C) CNV variation frequency of non-m6A RNA modification genes in TCGA-GBM. (D) The location of non-m6A RNA modification genes on 23 chromosomes in TCGA-GBM. (E) Expression of 32 non-m6A RNA modification genes between normal and GBM patients. (F) Expression of 32 non-m6A RNA modification genes in different TCGA GBM subtypes. * means P<0.05; ** means P<0.01; *** means P<0.001; ns means P>0.05.





Non-m6A RNA Modification Patterns Mediated by 32 Regulators

To obtain an overall understanding of the expression pattern, 539 GBM cases from the TCGA and CGGA datasets that contained clinical information and OS data were enrolled. A univariate Cox regression model revealed that 10 of 32 non-m6A regulators were associated with the survival of GBM patients (Figure S1C).

To investigate the relationships among regulators, we calculated pairwise correlations among the expression of the 32 regulators in the GBM cases (Figure S2A). We identified that the expression of DKC1, YBX1, TRMT6, and PUS7 was positively correlated with that of many other regulators, while the expression of UPP1 and ALKBH3 was negatively correlated with that of other regulators (Figure S2A). In addition, the protein–protein interactions between non-m6A RNA modification regulators are shown in Figure S1H. The comprehensive landscape of the intricate associations between non-m6A RNA modification regulators and the prognostic value for GBMs was visualized with the non-m6A RNA modification regulator network (Figure 2A; Figure S2A). We identified significant correlations among 32 non-m6A RNA modification regulators, which revealed that the crosstalk between the regulators of erasers, writers, and readers might participate in the formation of various non-m6A RNA modification patterns.




Figure 2 | Three RNA modification patterns of non-m6A genes and relative biological functions. (A) Network plot showing the interaction between non-m6A RNA modification genes in GBM. The size of the circle represents the p-value of each gene for the survival prognosis. Black dots represent hazard survival factors, and green dots represent favorable survival factors. The thickness of the lines represents the correlation value between genes. The red and blue lines represent positive and negative correlations, respectively. Ten RNA modification types are marked with different colors. (B) Heatmap showing the unsupervised clustering of 32 non-m6A RNA modification regulators in 539 GBM patients. Each column represents a patient, and each row represents a non-m6A RNA modification regulator. (C) Expression of 32 non-m6A RNA modification genes between three non-m6A RNA modification patterns. (D) Kaplan–Meier curves showing the survival information of three non-m6A RNA modification patterns. (E) Heatmap showing the results of GSVA enrichment between different non-m6A RNA modification patterns. * means P<0.05; *** means P<0.001.



Next, we used ConsensusClusterPlus to sort patients with three non-m6A RNA modification patterns based on the expression profiles of 32 selected non-m6A RNA modification regulators. After unsupervised clustering, 144 cases were termed Cluster_A, 227 cases were identified in Cluster_B, and the other 168 cases were termed Cluster_C (Figures 2B, S2B). The expression of the 32 regulators in different clusters is shown in Figure 2C. In the survival analysis of non-m6A RNA modification patterns, a dominant survival disadvantage was found for the Cluster_B non-m6A RNA modification pattern (Figure 2D). To identify the biological functions of the three non-m6A RNA modification patterns, GSVA was performed. As exhibited in Figure 2E, Cluster_B was markedly enriched in pathways associated with the formation of the immunosuppressive TME and MES transition, such as extracellular matrix (ECM) receptor interaction, TGF b, JAK STAT, WNT, and NOTCH signal paths. In addition, Cluster_A was prominently enriched in pathways regulating the cell cycle, cell aging, and DNA damage, while Cluster_C was markedly related to apoptosis processes (Figure S2C).



TME Cell Infiltration and MES Transition Characteristics in Distinct Non-m6A RNA Modification Patterns

SsGSEA was used to assess TME-infiltrating cells in GBM tissues. According to the abundance of infiltrating immune cells, we classified the GBM samples into high and low infiltration groups (Figure 3A). Patients with 1p19q codeletion status or IDH mutation status were mainly enriched in the low infiltration group (Figure 3A). Analyses of TME cell infiltration via the CIBERSORT algorithm confirmed that Cluster_B was obviously enriched in innate immune cell infiltration, including the infiltration of mast cells, natural killer (NK) cells, macrophages, and dendritic cells (DCs) (Figure 3B; Table S2). In addition, abundant stromal elements in the TME are associated with immunosuppression (71). We uncovered that the stromal score of Cluster_B was the highest among the three clusters via the ESTIMATE algorithm (Figure 3B). When we investigated the MES and PN scores, we found that the MES score was the highest and the PN score was the lowest in Cluster_B (Figure 3C). The MES-subtype GBM tended to exhibit an immunosuppressive TME. Previous studies demonstrated that there were abundant immune cells in tumors with an immune-excluded group, and immune cells participated in the formation of an immunosuppressive TME (72, 73). We found that three non-m6A patterns possessed definite TME infiltration characteristics. Cluster_B was termed an immune-excluded group, characterized by abundant innate immune cell infiltration, stromal activation, and a high MES score; Cluster_A was termed an immune-inflamed group, marked by abundant immune cell infiltration; and Cluster_C was termed an immune-desert phenotype, characterized by rare immune cell infiltration (Figures 3A–C and S3A). In addition, GBMs with an immune-excluded subtype had the worst prognosis (Figure 2D). Furthermore, to analyze the immune tolerance as well as activity condition of each pattern, we selected LGALS9, LAG3, ICOS, IL23A, LDHA, CTLA4, CD274, PTPRC, PDCD1, IL12A, ICOSLG, CD28, TNFRSF4, VTCN1, PDCD1LG2, TNFRSF18, TNFSF18, TNFSF4, CD80, CD86, CD8A, B2M, TNFSF9, YTHDF1, PVR, FGL1, CD40, SIGLEC15, LAMA3, CD40LG, HAVCR2, TNFRSF9, JAK2, JAK1, and LDHB as immune checkpoint-related molecules (74, 75). We uncovered that diverse immune checkpoint-related genes were significantly overexpressed in Cluster_B and Cluster_A (Figure S3C). In addition, we chose CD44, CHI3L1, FN1, SERPINE1, and TIMP1 as MES markers and OLIG2, DLL3, NCAM1, ASCL1, and SOX2 as PN markers (69, 76, 77). The expression of MES markers was high in Cluster_B, while the expression of PN markers was high in Cluster_C (Figure S3D). In addition, ssGSEA revealed that the immunosuppressive TME and MES transition pathways, such as the NF-κB and STAT3 signal paths, were obviously enriched in Cluster_B, whereas the monocyte and macrophage chemotaxis pathways were enriched in Cluster_A (Figure 3D). Figure S3B illustrates the proportion of GBM patients with the indicated clinical status and molecular traits in the three groups with different non-m6A RNA modification patterns. Patients over 60 years old and those who were alive at the last follow-up were primarily in Cluster_C, while patients with IDH wild-type status and no MGMT methylation were mainly found in Cluster_B (Figure S3B).




Figure 3 | Tumor microenvironment (TME), subtypes, and clinical information in three non-m6A RNA modification clusters. (A) Unsupervised clustering of GBMs using ssGSEA scores from 28 immune-related gene sets. Two significant immune infiltration patterns are presented. The non-m6A RNA modification patterns and other clinical characteristics were used as patient annotations. (B) The abundance of tumor-infiltrating immune cells, stromal scores, and immune scores in three non-m6A RNA modification patterns. (C) Differences in mesenchymal/proneural (MES/PN) scores quantified by ssGSEA among the three non-m6A RNA modification patterns. (D) Differences in the TME infiltration and MES transition pathways among three non-m6A RNA modification patterns. * means P<0.05; ** means P<0.01; *** means P<0.001; ns means P>0.05.



We analyzed the specific relationship between the TME-infiltrating cell type as well as non-m6A RNA modification regulators (Figure S3E). Patients were classified into low or high immune infiltration, MES, and PN score groups. Thirty-two non-m6A RNA modification regulator expression levels in different groups are shown in Figures S3F–H. We focused on UPP1, a U regulator, which had a significant positive correlation with numerous TME-infiltrating immune cells (Figure S3E). Patients were classified into low and high UPP1 expression subgroups, and a beneficial prognosis was presented in patients with low UPP1 (Figure S4A). We used ESTIMATE to assess the overall levels of immune cell infiltration as well as the stromal score. The results showed that patients with a high expression of UPP1 exhibited high immune and stromal scores (Figure S4B). The specific difference in TME-infiltrating levels between patients with low and high UPP1 expression was explored. We observed that tumors with high UPP1 showed obviously increased infiltration of Treg T cells and M2 macrophages (Figure S4B). We uncovered that increased UPP1 resulted in the overexpression of immune checkpoint-related genes (Figure S4C). In addition, the expression of MES markers was higher, while that of PN markers was lower in patients with high UPP1 expression (Figure S4D). Subsequent pathway enrichment analyses showed that high UPP1 samples exhibited an obvious enhancement of the immunosuppressive TME and MES transition-related pathways, including the NF-κB, STAT3, and epithelial–mesenchymal transition (EMT) signal paths (Figure S4E). From the above results, we speculated that UPP1-mediated U may promote the formation of an immunosuppressive TME and facilitate MES transition. In addition, we investigated the characteristics of one m1A and m6Am eraser, FTO, which was negatively associated with various TME-infiltrating immune cells (Figure S3E). Patients with a high FTO exhibited a better prognosis (Figure S5A). We then found that a high expression of FTO was related to low immune and stromal scores (Figure S5B). We also discovered that a low FTO was related to the overexpression of a few immune checkpoint-related genes (Figure S5C). MES marker expression was higher, while PN marker expression was lower in patients with low FTO expression (Figure S5D). In addition, patients with low FTO expression showed prominent enrichment of the hypoxia pathway, STAT3 signaling pathway, and EMT signaling pathway (Figure S5E). Thus, FTO may inhibit the formation of an immunosuppressive TME and the process of MES transition.

To assess the role of UPP1 and FTO in diverse cellular processes of GBM cells, several experiments were performed. Downregulation of UPP1 or overexpression of FTO resulted in a significant decrease in the EdU-positive cell percentage (Figures 4A, B). In addition, the results of the Transwell assays revealed that UPP1 silencing and FTO overexpression reduced the number of GBM cells migrating to the membrane (Figure 4C). Interestingly, we found that UPP1 knockdown or FTO overexpression significantly inhibited the capability of conditioned medium from GBM cells to recruit THP1-differentiated macrophage (Figure 4D).




Figure 4 | UPP1 knockdown and FTO overexpression inhibit cell proliferation, migration, and macrophage recruitment. (A) Western blot analysis was performed to assess the expression levels of UPP1 and FTO. ACTIN was used as a loading control. (B) EdU was performed in U-118 MG and LN-229 transfected si-control, si-UPP1#1, si-UPP1#2, vector, and ov-FTO cells (scale bar = 100 μm). (C) Transwell assay performed in U-118 MG and LN-229 transfected si-control, si-UPP1#1, si-UPP1#2, vector, and ov-FTO cells (scale bar = 100 µm). (D) Transwell assays showed the ability of growth media of different GBM cells to recruit macrophages (scale bar = 100 µm). * means P<0.05; ** means P<0.01; *** means P<0.001.





Non-m6A RNA Modification Phenotype-Related DEGs in GBM

To characterize the potential biological behavior of the three non-m6A patterns, we confirmed 243 RNA phenotype-related DEGs (Figure S6A). Then, a univariate Cox regression model was applied to perform prognostic analysis for each DEG in the signature (Table S3). The DEGs with significant prognostic value were extracted for further analysis. To further corroborate this regulatory mechanism, unsupervised clustering methods were executed according to 150 DEGs (Figure S6B). The marked enriched biological functions of these DEGs are presented in Figure S6C. The unsupervised clustering algorithm sorted the cases into two subtypes: gene.cluster_1 and gene.cluster_2 (Figure 5A). The two patterns were identified in gene.cluster_1 and gene.cluster_2, marked by different signature genes (Figure 5A). Patients with 1p19q codeletion status or IDH mutation status were mainly concentrated in gene.cluster_2 (Figure 5A). In addition, in the two non-m6A RNA modification DEG clusters, noticeable differences in non-m6A RNA modification regulator expression were analyzed (Figure 5B). A total of 242 patients with GBM were termed gene.cluster_2, which was validated to be correlated with a favorable prognosis (Figure 5C). To our surprise, gene.cluster_1 was remarkably abundant in several immune cell infiltrates (Figures 5D, E). In addition, the immune cell infiltration of gene.cluster_1 was stronger than that of gene.cluster_2 (Figures 5D, E). However, we found that the stromal score of gene.cluster_1 was higher than that of gene.cluster_2 (Figure 5E). In addition, gene.cluster_1 possessed a higher MES score and lower PN score than gene.cluster_2 (Figure 5F). These results indicate that patients in gene.cluster_1 had a highly immunosuppressive TME, which is related to a poor prognosis. Moreover, we determined that diverse immune checkpoint-related genes were significantly overexpressed in gene.cluster_1 (Figure S6D). In addition, the expression of MES markers was high in gene.cluster_1, while the expression of PN markers was high in gene.cluster_2 (Figure S6E). Moreover, ssGSEA revealed that the immunosuppressive TME and MES pathways were significantly enriched in gene.cluster_1, whereas T-cell receptor signaling pathways were enriched in gene.cluster_2 (Figure 5G).




Figure 5 | Generation of a non-m6A RNA modification-related gene set. (A) Unsupervised clustering of 150 DEGs dividing patients into two gene.clusters, named gene.cluster_1 and gene.cluster_2. Cluster, gender, age, platform, IDH status, and 1p19q status were applied for sample annotation. (B) The expression of 32 non-m6A RNA modification regulators in two gene.clusters. (C) Survival analyses for the gene.cluster_1 (292 cases) and gene.cluster_2 (233 cases) cohorts (p = 0.02, log-rank test). (D) The proportion of immune infiltration in the two gene.clusters. (E) The abundance of each TME-infiltrating cell, stromal scores, and immune scores in the two gene.clusters. (F) Differences in MES/PN scores among the two gene.clusters. (G) Differences in the TME infiltration and MES transition pathways between the two gene.clusters. * means P<0.05; ** means P<0.01; *** means P<0.001; ns means P>0.05.





Generation of the RM Score and Analysis of Clinical Traits

The above results showed that non-m6A plays an essential role in shaping different TME landscapes as well as facilitating MES transition. However, these analyses only assessed the characteristics of the population and could not correctly evaluate the detailed information of non-m6A RNA modification of each GBM case. Taking into account the complexity and individual heterogeneity of non-m6A RNA modifications, we generated a scoring model to assess the non-m6A RNA modification patterns of individual GBM patients according to phenotype-related DEGs; this system was termed the RM score. The relationships among the non-m6A RNA modification patterns, MES score, gene.cluster, and RM score were visualized in an alluvial diagram and in Table S4 (Figure 6A). The Wilcoxon test revealed an obvious difference in the RM score between the gene.clusters. Gene.cluster_2 showed a lower median score than gene.cluster_1, which indicated that a high RM score could be closely linked to the immunosuppressive TME and MES transition signatures (Figure 6B). Moreover, Cluster_B showed a significantly increased RM score compared with Cluster_A and Cluster_C (Figure 6B). In addition, patients with stronger immune cell infiltration possessed higher RM scores (Figure S7A).




Figure 6 | Calculation of regulator score (RM) score. (A) Sankey plot showing the changes in non-m6A RNA modification patterns, MES scores, gene.clusters, and RM scores. (B) Differences in RM scores among the two gene.clusters and three non-m6A RNA modification patterns. (C) Survival analyses for the high RM score and low RM score patient groups. (D) IF staining in GBM tissues showed the expression of CD44, SOX2, CD163, and FoxP3. Histogram representing relative fluorescence intensity (scale bar = 15 μm). ** means P<0.01; *** means P<0.001.



We investigated the value of the immune, MES, and PN scores in predicting patient prognosis. A high immune score, high MES score, or low PN score indicated a poor prognosis (Figure S6F). In addition, we observed a significantly negative relationship between the MES score and PN score (Figure S6G). Next, we evaluated the significance of the RM score in predicting GBM outcomes. With a cutoff value of −10.21, GBMs were classified into high or low RM score groups. GBMs with lower RM scores presented a significantly prolonged survival time (Figure 6C). To evaluate the stability of the RM scoring system, we used the RM score in other independent GBM databases to verify its prognostic significance, and the results indicated that a low RM score was correlated with better clinical benefit (Figures S8A, B). We analyzed whether the RM score could be regarded as an independent factor of survival for GBM. Multivariate Cox regression analysis was performed, confirming that the RM score was an independent and robust factor for predicting GBM patient outcomes [Figure S8C; HR (low RM score) = 0.53 (0.39–0.73)]. We also examined the survival prediction efficiency for the combination of RM score with immune score, RM score and MES score, and RM score and PN score. The results presented that the low RM and low immune score groups showed the best OS among the groups (Figure S7B). Furthermore, we observed that patients with low RM and MES scores or low RM scores and high PN scores had the most significant survival benefits (Figures S8D, E). We assessed the value of the RM scoring feature to evaluate the efficacy of radiotherapy or chemotherapy in GBMs. Among the patients who received adjuvant radiotherapy or chemotherapy at the same time, those with low RM scores exhibited the most significant therapeutic benefit (Figure S7C). Furthermore, patients over 60 years old, patients alive at the last follow-up, and patients with IDH mutations, 1p/19q codeletion, and MGMT methylation were mainly found in the low RM score group (Figures S8F, G).

Further analysis showed that the immune cell infiltration of patients with high RM scores was significantly higher than that of patients with low RM scores, while patients with high RM scores had higher stromal scores (Figure S7D). In addition, patients with high RM scores had higher MES scores and lower PN scores (Figure S7E). GBM patients with the MES subtype were characterized by higher TME levels, whereas GBM patients with the PN subtype were associated with lower TME levels. To exclude the influence of phenotypic and tumor immune infiltration correlations on the analysis results, we analyzed the correlation between RM scores and TME levels in patients with PN and MES subtypes (Figure S9). Moreover, to reveal the significance of the RM score in estimating the level of TME immune infiltration and MES transition, we studied the expression of immune checkpoint-related genes and MES/PN marker genes in different RM score groups. We found that most immune checkpoint-related genes were upregulated in the high RM score group (Figure S7F). In addition, the expression of MES markers was higher in high RM score patients, while the expression of PN markers was higher in low RM score patients (Figure S7G). We examined the relationship between the RM score and known biological signatures using Spearman analysis. A heatmap of the association matrix exhibited that the RM score was positively related to immunosuppressive TME and MES transition signatures (Figure S7H).

To verify the role of the RM score in evaluating the characteristics of TME infiltration and MES transition, IF staining was performed. The proportions of M2 macrophages (CD163+) and FoxP3+ Tregs infiltrated in tumors with high RM scores were higher than those in tumors with low RM scores (Figure 6D). Moreover, CD44 expression was also markedly increased in the high RM score group, while SOX2 expression was decreased (Figure 6D). These results further validated that tumors with high RM scores showed an immunosuppressive phenotype.



The Correlation Between the RM Score and TMB

Increasing evidence has demonstrated a significant correlation between responsiveness to immunotherapy and tumor mutation burden (TMB) (78). Taking the clinical significance of TMB into account, we further analyzed the relationship between the RM score and the TMB. By comparing the TMB values for patients with high and low RM scores, we concluded that the RM score was negatively associated with the TMB value (Figure 7A). Patients with higher RM scores exhibited a lower TMB than patients with lower RM scores (Figure 7B). We divided the patients into different groups according to the immune setting of the TMB, as described previously (79). As shown in Figure 7C, we observed that patients with a high TMB had prolonged survival times compared with those with a low TMB. Considering the contrary survival significance of the TMB and RM score, we analyzed the cross-influence of these scores on the prognosis of patients with GBM. Stratified survival analyses revealed that patients with low RM scores together with high TMB scores had the most significant survival benefits (Figure 7D). Furthermore, we evaluated the somatic variant distribution of GBM driver genes among the high and low RM score groups using the maftools package. As shown in Figures 7E, F, the low RM score group presented more extensive TMB than the high RM score group. An increasing number of studies have shown that patients with a high TMB are more sensitive to anti-PD-1/PD-L1 immunotherapy (80). In addition, the alteration frequency of various genes was different between the low and high RM score groups (Figures 7E, F). In conclusion, the above findings corroborated that the difference in non-m6A RNA modification patterns could be an important factor that predicted response efficiency to anti-PD-1/PD-L1 immunotherapy. These results might lead to novel strategies for exploring the mechanism of non-m6A RNA modification composition and gene mutation in ICB therapy.




Figure 7 | The correlation between the RM score and TME infiltration, MES transition, and somatic variants. (A) Scatterplots indicating the negative relationship between RM score and TMB in TCGA-GBMs (r = −0.18, p < 0.028, Spearman correlation analysis). (B) TMB difference in the low and high RM score cohorts. (C) KM curves for the low and high TMB GBMs. H, high; L, low. (D) Survival analyses for subgroup GBMs stratified by RM score and TMB. (E, F) Waterfall plot showing tumor somatic mutations presented by those with high RM scores (E) and low RM scores (F).





The Predictive Value of the RM Score in Predicting ICB Therapy Response

Significant efforts have been made to screen biomarkers that predict ICB treatment response; some previously studied biomarkers include the TMB as well as the PD-L1 expression level (81). Considering that the RM score is related to the TME, we examined the value of the RM score in predicting the response of GBMs to immunotherapy. The exploration was based on two independent immunotherapy studies (Figures 8A–H). We observed that patients who had lower RM scores exhibited obviously prolonged OS in the anti-PD-L1 research (IMvigor210; Figure 8A) and anti-PD-1 research (GSE78220; Figure 8G) (74, 82). The patients in the IMvigor210 cohort exhibited diverse degrees of response to anti-PD-L1 blockers, including partial response (PR), progressive disease (PD), complete response (CR), and stable disease (SD). We explored the differences in RM scores for patients with diverse responses to ICB therapy and concluded that the proportion of patients in the response groups (CR and PR) was significantly lower in the high RM score group than in the low RM score group, while the proportion of patients in the no/limited response groups (SD and PD) showed the opposite trend, indicating that the RM score could reveal the response of patients to ICB therapy (Figure 8B). The expression of PD-L1 on tumor cells (TCs) was substantially related to the RM score. The TC1 group exhibited the lowest RM score and was obviously different from the TC0 as well as TC2+ groups (Figure 8C). Moreover, we observed that the PD-L1 level of immune cells (ICs) was positively related to the RM score, with IC0 exhibiting the lowest RM score and IC2 exhibiting the highest RM score (Figure 8D). By analyzing the relationship of the RM score with tumor neoantigen burden, we observed that patients with low RM scores together with a high neoantigen burden exhibited the most prolonged survival time (Figure 8E). In addition, patients with high RM scores showed significantly high levels of PD-L1 (Figure 8F). Finally, we confirmed the significant clinical response and therapeutic advantages of anti-PD-1 immunotherapy in patients with low RM scores versus those with high RM scores (Figures 8H, S8H). The RM score was also negatively correlated with the TMB in the GSE78220 cohort (Figure S8I).




Figure 8 | The relationship between RM score and response to immunotherapy and drug sensitivity. (A) Survival analysis of the low and high RM score patient groups in an immune checkpoint blockade (ICB) therapy cohort. (B) The proportion of patients who responded to ICB therapy in the low or high RM score groups. (C) Differences in RM scores among the three tumor cell (TC) levels. (TC levels, level of IHC-assessed PD-L1 staining of tumor cells. TC0, <1%; TC1, ≥1% but <5%; TC2+, ≥5% of tumor cells with staining for PD-L1, p = 0.092). (D) Differences in RM scores among the three immune cell (IC) levels. (IC levels, level of IHC-assessed PD-L1 staining of immune cells. IC0, <1%; IC1, ≥1% but <5%; IC2+, ≥5% of immune cells staining for PD-L1, p = 0.00058). (E) Survival analyses of patients receiving ICB therapy stratified by RM score and TMB. (F) Differences in PD-L1 expression between the high and low RM score patients. (G) Survival analyses of the high and low RM score patient groups in another ICB therapy cohort (GSE78220). (H) Proportion of patients who responded to ICB therapy in the low or high RM score groups. (I) The relationship between RM score and drug AUC value. (J) Signal paths targeted by drugs whose AUC values are positive (red) or negative (blue) with RM score.





Exploration of the Therapeutic Significance of the RM Score

To investigate the value of the RM score in predicting drug sensitivity, we calculated the correlation between the RM score and the AUC for drugs in multiple cancer cell lines. According to Spearman correlation analysis, we selected 68 drugs for which the RM score and drug sensitivity were significantly correlated in the GDSC database (Figure 8I) (83). The RM score was positively correlated with sensitivity to 12 drugs, including picolinic acid, chromatin histone methylation inhibitor EPZ5676, EGFR inhibitor AZD3759, gefitinib, erlotinib, and WNT inhibitors MN.64 and XAV939; the RM score was negatively correlated with drug sensitivity (and this positively correlated with drug resistance) for 56 drugs (Figures 8I, J). Furthermore, we explored the signal path targeted by the selected drugs. We observed that drugs whose sensitivity was positively related to the RM score targeted the EGFR and WNT signaling pathways. In contrast, drugs whose sensitivity was negatively related to the RM score targeted the cell cycle and apoptosis signal path (Figure 8J). In conclusion, these results revealed that the RM score model might serve as a potential factor for exploring proper therapy strategies.



Construction of the m6A Score and Comparison of the m6A and RM Scores

A total of 20 m6A RNA modification regulators were enrolled in this study. Next, we classified patients into different m6A RNA modification patterns according to the expression profiles of 20 selected m6A RNA modification genes. After unsupervised clustering, 199 cases were termed m6A Cluster_A, 197 cases were termed m6A Cluster_B, and the other 143 cases were identified in m6A Cluster_C (Figure 9A). In the survival analysis of m6A RNA patterns, m6A Cluster_B exhibited a particularly outstanding survival benefit (Figure S10A; p = 0.0018). In addition, we identified 295 DEGs using the limma package. Then, univariate Cox regression analysis was applied to determine the prognostic value for each DEG (Table S5), and the DEGs with significant prognostic value were extracted for further analysis. To further corroborate this regulatory information, an unsupervised clustering method was used according to the 172 DEGs. The patients were divided into two groups, m6A gene.cluster_1 and m6A gene.cluster_2, using the unsupervised clustering algorithm (Figure 9B). A total of 272 patients with GBM were termed m6A gene.cluster_2, which was validated to be associated with a better prognosis (Figure S10B). Based on these DEGs, we generated a scoring system to assess the m6A RNA modification pattern of each GBM patient. The relationships among m6A RNA modification patterns, MES score, m6A gene.cluster, and m6A score were visualized in an alluvial diagram and in Table S6 (Figure 9C). Patients with low m6A scores demonstrated a prolonged survival time (Figure 9D). The Wilcoxon test revealed a significant difference in the m6A score between the m6A gene.clusters. M6A gene.cluster_2 showed a lower median score than gene.cluster_1, which indicated that a high m6A score could be closely linked to poor prognosis (Figure S10C). Moreover, compared with the other clusters, m6A Cluster_B showed a significantly decreased m6A score (Figure S10D). In addition, patients with high RM scores exhibited higher immune, stromal, and MES scores and lower PN scores (Figures 9E, F).




Figure 9 | Construction of the m6A score and comparison of the m6A and RM scores. (A) Heatmap showing unsupervised clustering for 20 m6A RNA modification genes in 539 GBM patients. Each column represents patients, and each row represents an m6A RNA modification regulator. (B) Unsupervised clustering of 172 DEGs dividing patients into two m6A gene.clusters, termed m6A gene.cluster_1 and m6A gene.cluster_2. The m6A gene.cluster, m6A cluster, sex, age, platform, IDH status, and 1p19q status were applied for patient annotation. (C) Sankey diagram showing the distribution of m6A RNA modification patterns, MES scores, m6A gene.clusters, and m6A scores. (D) KM curve showing survival analysis results of the high m6A score and low m6A score patient groups. (E) Differences in immune/stromal scores among GBMs with low m6A scores and high m6A scores. (F) Differences in MES/PN scores among GBMs with low m6A scores and high m6A scores. (G) Comparison of RM and m6A scores using BIC and AIC values.



The value of the RM and m6A scores in predicting patient outcomes and the TME was compared using the BIC and AIC values. With lower BIC and AIC values, the RM scoring model exhibited a better description of TME infiltration and MES transition than the m6A scoring model (Figure 9G). There was no obvious difference between the RM and m6A scores in predicting prognosis (Figure S10E).



RM Score Correlates With Immune Infiltration and Survival Prognosis in Pan-Cancer

According to the forest plots, a positive association was obvious between RM score and OS in KIRC, LGG, and LAML (Figure S11A). In addition, the PFS forest plot confirmed the role of RM score as a risk factor in KIRC and LGG (Figure S11A). As presented in Figure S11B, RM score is positively related to the TMB in BRCA, KIRC, LIHC, and THCA, whereas a negative association was observed in LAML and THYM. For microsatellite instability (MSI), a positive association in BRCA, DLBC, HNSC, PRAD, SKCM, and THCA, as well as a negative association in ACC, CESC, COAD, KUAD, LUSC, and UCEC, was identified (Figure S11B). In terms of immune cell infiltration, RM score was positively associated with regulatory T-cell content in BRCA, COAD, KIRC, KIRP, LGG, SKCM, UCEC, and UCS (Figure S11C). In BLCA, CESC, KICH, LAML, and TGCT, RM score was positively associated with M2 macrophage infiltration (Figure S11C).




Discussion

Increasing evidence has demonstrated that various RNA epigenetic modifications have an important effect on infection, the TME, and antitumor proliferation by interacting with several regulators. However, most studies have focused on a single regulator or a single kind of RNA modification, such as m6A, and the mutual relationships and effects of regulators of various non-m6A RNA modifications in cancer are not fully understood. Few studies have demonstrated that a given non-m6A RNA modification influences tumorigenesis in GBM, probably because non-m6A RNA modifications are not as abundant as m6A modifications.

Here, we revealed global non-m6A RNA alterations at the genetic as well as transcriptional levels and showed mutual correlations in GBMs. Surprisingly, there are complicated associations among 32 non-m6A RNA alteration regulators. We constructed three non-m6A RNA modification patterns based on 32 regulators. Cluster_A was characterized by abundant immune cell enrichment and classified as an immune-inflamed subtype; Cluster_B was characterized by the suppression of immune function as well as MES transition, corresponding to the immune-excluded subtype; and Cluster_C was marked by rare immune cell infiltration, corresponding to the immune-desert subtype. Although the immune-excluded subtype was related to abundant immune cell infiltration, the immune cells were inactive because of the distribution of effective immune cells in the tumor stroma. The stroma could permeate the tumor itself or might be confined to the tumor envelope, making immune cells appear to be inside the tumor (84). In addition, the MES score was the highest and the PN score was the lowest in Cluster_B. The immunosuppressive TME and MES transition pathways, such as the NF-κB and STAT3 signaling pathway, were markedly enriched in Cluster_B. The MES-subtype GBM tends to exhibit an immunosuppressive TME, while an immunosuppressive TME promotes GBM malignant progression via MES transition (62, 64). Our data demonstrated that there may be a positive feedback loop between the immunosuppressive TME and MES transition, resulting in a poor prognosis.

Furthermore, the mRNA expression differences among non-m6A RNA modification patterns have been confirmed to be significantly related to RNA modification-, immune-, and MES-related biological signaling pathways. The DEGs were considered a non-m6A RNA modification-related gene set. Similarly, two non-m6A-related gene subtypes were identified based on the DEGs, which were obviously related to the immunosuppressive TME as well as MES transition signaling pathways. The MES subtype is particularly aggressive among these three subtypes, while the PN subtype has the best prognosis (85). This demonstrated again that the various non-m6A RNA modifications were of great significance in the formation of TME patterns. In conclusion, a systematic evaluation of the non-m6A RNA modification patterns will improve our understanding of TME cell infiltration and MES transition characterization.

Considering the heterogeneity of non-m6A RNA modifications across individual tumors, a method for quantifying the non-m6A RNA modification patterns of individual tumors is urgently needed. Accordingly, we developed a scoring model, the RM score, to evaluate the non-m6A RNA modification pattern of individual GBMs. Patients with low RM scores demonstrated a prominent survival benefit. Patients in Cluster_B, characterized by an immune-excluded phenotype, exhibited a higher RM score. In addition, the RM score was significantly positively associated with immunosuppressive TME and MES transition signatures.

Immunotherapy is a developing field but is far from reaching clinical expectations in GBM patients because of the immunosuppressive TME. The MES transition not only promotes radiochemotherapy resistance but also shapes the immunosuppressive TME in GBM. Numerous studies have emphasized the non-negligible interaction between non-m6A RNA regulators, the TME, and the MES transition. The RM scoring model could predict patient prognosis and sensitivity to radiochemotherapy as well as immunotherapy. Patients who were sensitive to radiochemotherapy and ICB therapy were mainly enriched in the low RM score group. In addition, the RM score was markedly positively correlated with immunosuppressive TME and MES transition signatures.

Our findings also revealed a significantly negative association between the RM score and TMB. Increasing evidence has demonstrated that patients with a high TMB present acceptable responses to immunotherapy. A high TMB status was correlated with a favorable prognosis. In addition, RM score could predict the response of a patient to anti-PD-1/L1 immunotherapy. Patients receiving ICB therapy in the IMvigor210 and GSE78220 cohorts were assessed, and we identified that the RM score was markedly decreased in patients responding to ICB, which validated the predictive significance of the RM score model. Overall, this study showed that patients with low RM scores had more obvious benefits from immunotherapy.

In addition, we investigated the possible treatment outcome of non-m6A RNA modification regulators in GBMs. The RM score was positively correlated with the resistance of drugs that targeted the cell cycle and apoptosis signaling pathways and negatively correlated with the sensitivity of drugs that targeted the EGFR and WNT signaling pathways. These findings indicated that patients with higher RM scores might be more suitable for drugs targeting the EGFR and WNT signal paths instead of drugs targeting the cell cycle or apoptosis signaling pathways. Thus, non-m6A RNA modification patterns could be used as a qualified predictor that can be used to predict the clinical outcome of targeted therapies or chemotherapy. Our findings reveal novel possibilities for improving the efficacy of ICB treatment, revealing different TME phenotypes as well as MES subtypes and suggesting the potential for personalized and precise immunotherapy for GBM.

Increasing evidence has demonstrated that the m6A modification pattern is closely associated with the TME, prognosis, and other clinical characteristics. We constructed an RM scoring system to evaluate the potential roles of RNA modifications beyond m6A in the TME, MES transition, immunotherapy, and drug sensitivity. To further evaluate the superiority of the RM scoring model compared with the m6A modification pattern, we constructed an m6A scoring model and compared two models using the BIC and AIC algorithms. Finally, we confirmed that the RM scoring system is better than the m6A scoring system in assessing TME and GBM subtypes.

In this study, we systematically assessed the non-m6A RNA modification patterns of 539 GBMs on the basis of 32 regulator genes and associated these patterns with TME infiltration as well as MES transition characteristics. We constructed the RM score model to predict patient prognosis and the response to immunotherapy and targeted therapy. The systematic assessment of non-m6A RNA modification patterns could not only improve our knowledge of the crosstalk of RNA modifications but also contribute to the development of more personalized and precise immunotherapy regimens.
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Brain metastasis (BM), a devastating complication of advanced malignancy, has a high incidence in non-small cell lung cancer (NSCLC). As novel systemic treatment drugs and improved, more sensitive imaging investigations are performed, more patients will be diagnosed with BM. However, the main treatment methods face a high risk of complications at present. Therefore, based on immunotherapy of tumor immune microenvironment has been proposed. The development of NSCLC and its BM is closely related to the tumor microenvironment, the surrounding microenvironment where tumor cells live. In the event of BM, the metastatic tumor microenvironment in BM is composed of extracellular matrix, tissue-resident cells that change with tumor colonization and blood-derived immune cells. Immune-related cells and chemicals in the NSCLC brain metastasis microenvironment are targeted by BM immunotherapy, with immune checkpoint inhibition therapy being the most important. Blocking cancer immunosuppression by targeting immune checkpoints provides a suitable strategy for immunotherapy in patients with advanced cancers. In the past few years, several therapeutic advances in immunotherapy have changed the outlook for the treatment of BM from NSCLC. According to emerging evidence, immunotherapy plays an essential role in treating BM, with a more significant safety profile than others. This article discusses recent advances in the biology of BM from NSCLC, reviews novel mechanisms in diverse tumor metastatic stages, and emphasizes the role of the tumor immune microenvironment in metastasis. In addition, clinical advances in immunotherapy for this disease are mentioned.
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Introduction

The rate of brain metastasis (BM) from solid tumors was about 7.3 persons/100,000 with most patients above 50 years (91.9%) who have a poorer prognosis. The most common primary lesions for BM are the lung (80%), melanoma (3.8%), breast (3.7%), and kidney/renal pelvis (3.0%) (1–3) (Table 1). Non-small cell lung cancer (NSCLC) accounts for almost half of all BM cases, and NSCLC is associated with a horrible prognosis (4, 5). Patients who do not receive therapy for BM from NSCLC have a median overall survival of only 1 to 2 months. Age, extracranial tumor activity, the number of BM, and the initial tumor type/molecular subtype are important factors determining patients’ prognosis (6, 7). Previously, surgical resection was a high-risk procedure that placed strict limits on the number and location of the lesions in the brain (8). Whole-brain radiotherapy and stereotactic radiotherapy, both effective therapies and local controls for BM from NSCLC, are other options (9). However, radionecrosis may occur in more than 1/3 of patients, resulting in neurotoxicity (10). On the other hand, chemotherapeutic drugs are often incapable of crossing the blood-brain barrier (BBB) and reaching intracranial lesions. As a result, the use of chemotherapeutic drugs to slow the course of the central nervous system(CNS) is less meaningful (11).


Table 1 | Contrast of NSCLC BM, breast cancer BM, melanoma BM and primary brain cancer (Glioblastoma).



The occurrence and BM of NSCLC are closely related to the tumor microenvironment (TME). TME is the surrounding microenvironment where tumor cells live. TME comprises cellular and non-cellular components such as blood vessels, fibroblasts, immune cells, bone marrow-derived inflammatory cells, signaling chemicals, and extracellular matrix (ECM) (12). Tumors and their surroundings are inextricably linked and constantly interact, with tumors influencing their microenvironment by releasing cellular signaling molecules that promote tumor angiogenesis and induce immune tolerance. So immune cells in the microenvironment influence cancer cells’ growth and development. The microenvironment of the brain is different and bears little resemblance to other organs. Even when BM occurs, the microenvironment remains distinctly different from other organs (13).

Cancer immunotherapy has become a significant study issue in recent years, spawning new techniques to modulate the immune system. BM comprises complicated immunological microenvironment and signaling processes, with many potential treatment targets still to be discovered (11). Evasion of the host immune response is a hallmark of cancer progression. Blocking of cancer immunosuppression by targeting immune checkpoints provides a suitable strategy for immunotherapy in patients with advanced cancers such as NSCLC and melanoma (14). Immune checkpoint inhibitors (ICIs) target inhibitory immune checkpoints and boost the anti-tumor immune response. ICIs have shown excellent clinical success in advanced melanoma, metastatic kidney cancer, and NSCLC. Even pembrolizumab alone has been reported to eradicate stage IV BM from NSCLC (15). Because the immune response in the brain is so tightly controlled, researching immunomodulatory therapy for BM is challenging.

This article discusses the impact of TME on NSCLC and BM, focusing on the specificity of BM. The presence of barriers and specialized cells makes the TME of BM unusual and demonstrates differences from NSCLC in many aspects, especially in the immune. Features of BM suggests a lack of research about the brain and directs therapy in a new direction. The birth of immunotherapy is both dependent on the gradual refinement of the theory and inextricably linked to the remarkable efficacy in practice. The excellent role played in patients with BM from NSCLC has also led to combining traditional approaches and immunotherapy.



BBB

BBB is a selective barrier of CNS, which isolates the brain from the harmful substance from the systemic circulating blood, consisting of endothelial cells, pericytes, and the foot processes of astrocytes (16). BBB is the most important structure for the tumor cell to get through in BM. The key to the wholeness and selectivity of the BBB is the tight junction composed of claudins, occludins, zona occludens proteins, and junctional adhesion molecules (17).

The immunocytes are also involved in the destruction of BBB. T cell is founded as a helper of BBB crossing. In the research of Mustafa, Dana A M, et al., Guanylate-Binding Protein 1 is considered a vital T cell-induced protein, which promotes the tumor cells crossing the BBB. The patients who developed BM show Guanylate-Binding Protein 1 upregulate (18). In addition, as one of the most widely distributed cell types in the brain, astrocytes play an important part in the formation of BM, including BBB crossing. The astrocyte could secrete multiple matrix metalloproteinases (MMP), among which MMP2 and MMP9 are widely researched and considered a breaker of BBB (19). The research of Rempe et al. shows that MMP1 is strongly associated with BM by degrading Claudin and Occludin but not tight junction protein Zo-1 (20). Microglia is an immunocyte of the CNS, mediating apoptosis. However, when malignant tumors metastasize, they inhibit apoptosis and invade the BBB using tissue damage responses involving C-X-C chemokine receptor (CXCR)4 and Wnt signaling (21). According to the research of Qiao S et al. in melanoma, the microglia is found highly expressed MMP3, relating to the decrease of Zo-1, which may facilitate tumor invasion (22). The previous studies have mainly focused on breast cancer and melanoma, but the differences between tumor cell types are still unknown. Due to the importance of the BBB and its extensive interactions with surrounding cells and stroma, the study of the BBB is essential before further description of the development of BM. The role of BBB in the development of BM from NSCLC will be further described in the following section through the process of BM.



Development of BM From NSCLC

The development of BM from NSCLC is a complicated, interacting, and changing process that involves tumor cells (mutations, epigenetic variation), cytokines, interactions with other tumor cells, and normal cells in the surrounding area. Clinical identification of high-risk BM in individuals with NSCLC is critical. As a result, a thorough understanding of NSCLC and BM is required. Since 1889, Paget introduced the “seed and soil” theory to explain BM (23), epithelial-mesenchymal transition (EMT), cancer stem cells, circulating tumor cells (CTCs), and other hypotheses have been proposed. Tumor metastasis mechanisms have steadily been added. The development of BM from NSCLC is closely related to the TME (11), which is involved in these mechanisms (Figure 1)




Figure 1 | Mechanism of lung cancer brain metastasis. The changes of tumor microenvironment may promote some tumor cells to undergo epithelial-mesenchymal transition (EMT) process, to get the potential of metastasis and avoid apoptosis. These tumor cells escape from the primary tumor in the lung, invade the vessels, and circulate through the vessels, called circulating tumor cells (CTCs). Under the action of chemokines, CTCs reach the brain, cross the blood-brain barrier through rolling, adhesion and extravasation under the effect of E-ligand and integrin, undergo mesenchymal-epithelial transformation (MET) to regain the characteristic of the primary tumor, recover the characteristics of the primary tumor, and produce and adapt to the new tumor microenvironment. Angiogenesis is required for the growth of metastases. When pure oxygen diffusion is not sufficient for the tumor, the tumor gradually develops a hypoxic microenvironment and overexpress angiogenesis-stimulating factors, promoting the angiogenesis. The brain metastasis often happens in the gray and white matter junction and vascular border zones, where there is a longer mean transit times (MTT)of blood flow, providing more chance to overcome the blood-brain barrier.



EMT is a fundamental notion in the development of metastasis. Most tumors originate from epithelial cells and spread into the surrounding connective tissue (cancerous mesenchymal cells). Mesenchymal cells, unlike epithelial cells, are rarely involved in intercellular interactions and lack cell polarity. Mesenchymal cells are more aggressive than epithelial cells because of these properties, and EMT is required to transform benign tumors into invasive carcinomas (24). The existence of EMT is demonstrated by abnormal expression of N-cadherin in tumor metastasis (25), and the transcription factor Snail, which regulates N-cadherin, is implicated in the migration and invasion of NSCLC cells mediated by Zinc transporter4. In the Snail-N-cadherin signaling axis, Zinc transporter4 plays a crucial regulatory role in encouraging NSCLC progression, and it may be a prognostic marker and treatment target for NSCLC (26). Hypoxia has also been identified as a critical cause of EMT in NSCLC. Hypoxia-inducible factor (HIF) is induced to activate in primary TME as the oxygen supply at the tumor’s center decreases with tumor growth. HIF-1α, which elevates midkine (MDK) levels in NSCLC cells, is required for NSCLC cell proliferation in hypoxic environments. Via paracrine signaling, MDK stimulates endothelial cell migration and neointima formation. MDK produced by NSCLC cells also interacts with Notch2, activating Notch signaling, inducing EMT, upregulating NF-κB, and promoting cancer (27). MDK inhibitors could be a new treatment option for NSCLC patients. Angiogenesis and lymphangiogenesis are triggered by hypoxia, growth hormones, and receptors in the TME, which enhance cancer cell dispersion.

Circulating tumor cells, also known as CTCs, are injected into the local blood and lymph and survive the dissemination process. Tumor cells are first isolated from the primary tumors and spread throughout the surrounding tissues, capillaries, tiny veins, and lymphatic system. Tumor cells are vulnerable to physical and immunological damage once in circulation, making it harder for CTCs to launch a metastatic cascade response. To overcome the difficulties, tumor cells must boost the programming and intrinsic adaptation required for metastasis. Every CTC must get through the BBB to reach the brain. It is the first step to overcome the BBB for the CTCs to get to the brain and propagate. Several experiments have shown that the CTCs could traverse the BBB. However, the specific mechanism is not well understood yet (28). There are still some cells that succeed in overcoming the BBB. The tight junction of BBB makes it harder to pass than the other organs. Several cytokines, chemokines, and inflammatory agents can disrupt these interactions. Over 70% of BM shows varying degrees of BBB destruction, implying the CTCs might affect the tight junction (29).

The step CTCs crossing the BBB is like the leukocyte (rolling, adhesion, extravasation). Two possible pathways of extravasation have been described: the paracellular route and the transcellular route (30, 31). CD15 and CD15s interact with CD62E to promote lung cancer cell adherence to the brain endothelium, exhibiting features comparable to white blood cells but interfering with FUT4/CD15 and FUT7/CD15s can inhibit CTCs invasion (32–34). As reported, FUT4 has been linked to programmed cell death protein 1 (PD-1)-related immunosuppression, which leads to poorer prognosis in patients with operable lung cancer (35). CTCs could produce many factors to help destroy the BBB, including cyclooxygenase cyclooxygenase2, C-X-C motif chemokine ligand (CXCL)12/CXCR4, ST6GALNAC5, cathepsin S, MMP-1, α-crystallin, angiopoietin-like 4, and vascular endothelial growth factor (28, 36, 37). The link between CTCs and BBB is reciprocal, which frequently exhibits positive feedback. For example, when metastatic tumor cells and tumors penetrate brain tissue, the integrity of the BBB is destroyed, and the degradation of BBB integrity further promotes tumor BM.



TME and Immunotherapy of BM from NSCLC

The TME of BM is not identical to that of primary NSCLC (13). In fact, in the physiological scenario, normal brain tissue differs from other tissues by a few key characteristics. The ECM composition and type of tissue-resident cells (including microglia, astrocytes, and neurons) in normal brain tissue are distinct. The brain is physically protected by the BBB, which plays an important role in the immune response (38). In the event of BM, the metastatic TME in BM is composed of ECM and tissue-resident cells that change with tumor colonization, as well as blood-derived immune cells. Even though the concept that the brain is an “immune privileged” organ was widely recognized, it is now widely believed that immune cells from the peripheral circulation can penetrate the skull (39). This change originates from the discovery of meningeal lymphatics and the hypothesis that BM might compromise the integrity of the BBB (40). The immune microenvironment of BM undergoes profound changes with the alteration of native immune cells in the brain and the entry of blood-derived immune cells, and these changes are often immunosuppressive (38) (Table 2 and Figure 2).


Table 2 | Feature of the TME of NSCLC brain metastasis comparing with primary tumor.






Figure 2 | Interactions of metastatic tumor cells with the brain microenvironment. After the tumor cells get into the CNS (central nervous system), according to the “seed and soil”, series of interactions happened between the tumor cells and the microenvironment in brain. Extensive research has shown that astrocytes play an important role in metastasis through matrix metalloproteinase 2 (MMP2), MMP9, exosome and gap junction, generally supports the growth and invasion. MMP2、MMP9 are associated with tumor growth. On the one hand, it could degrade components of the extracellular matrix and basement membrane, on the other hand, it helps to activate TGF-β and VEGF. Several studies have shown that after fusion of AST-generating exosomes with tumor cells, miRNAs contained in the exosomes cause tumor cells to under-express PTEN and further activate the PI3K/AKT/mTOR pathway, leading to more chemokine ligand 2(CCL2), promoting the growth of tumor. There are gap junctions composed of connexin 43 (Cx43) between tumor cell and astrocyte. Through the gap junction, astrocyte release cytokines such as IFNα and TNFα, activating STAT1 and NF-κB pathways, supporting tumor growth. At the same time, tumor cell could transfer cGAMP to astrocytes, activate the STAT3 pathways. Tumor-associated macrophages and microglia (TAMs), including bone marrow-derived macrophages (BMDMs) and microglia (MG), secret growth factors (EGF, IL6, TGF-β, IL-1β), contribute to the colonization. And the tumor cells release chemokines and cytokines (CSF-1, GM-CSF, MCP-1, HGF, SDF-1, CX3CL) to recruit TAMs towards the tumor cells. There are immune checkpoints expressed on T-cells, such as PD-1 and CTLA-4, which tumor cells could bind and deactivate T-cells, suppressing anti-tumor immunity. Checkpoint immunotherapy use antibodies to inhibit immune checkpoint to prevent the T-cell from deactivation and control the tumor.




T Cells and Regulatory T Cells

Regulatory T (Treg) cells are primarily CD4+ T cells that constitutively express CD25 molecules and specifically express foxp3 transcription factors. There is growing evidence for Treg cells’ active involvement in the negative regulation of various physiological and pathological immune responses (41). Mature Treg cells are generated through two distinct developmental processes, CD25 + Treg cell progenitors and Foxp3lo Treg cell progenitors. In either developmental process, Treg cells are dependent on IL-2 for development and maintenance of activity (42). Different evidence exhibits different specialties of Treg from the two sources, with mature Treg cells from the former having a unique position in promoting immune tolerance and the latter having a unique role in preventing autoimmunity (43). When NSCLC occurs, T Cells and Treg cells keep the TME of BM in an immunosuppressed state. Many Treg cells infiltrating, especially a low CD8 + T cell to Treg cell ratio in tumor tissue, is significantly associated with poor prognosis (44). When BM occurs in NSCLC, the abundance and infiltration of CD8+ T cells, CD4+ T cells, and Treg cells in the microenvironment of BM are lower compared to the primary focus (45, 46). And this relatively low value does not involve changes in T cell sequences, with no statistically significant differences in T-cell receptor β sequence clonality in BM and primary lung tumor and non-malignant lung parenchyma (47). More reduced T cell abundance and infiltration compared to NSCLC, along with suppression of antigen presentation (suppressed dendritic cells maturation), lymphocyte extravasation, and leukocyte adhesion (reduced vascular cell adhesion protein 1), together contribute to an immunosuppressive microenvironment in BM (47).

Tumor-infiltrating Treg cells expressed higher surface molecules related to T cell activation in CD25, T-lymphocyte-associated protein-4 (CTLA-4), PD-1, and TNF receptor superfamily members compared to Treg cells in lymphoid tissue, non-lymphoid tissue, or blood (48). CTLA-4 and PD-1 belong to the second signal, which comes after the initial signal to activate CTL in cancer immunity. In tumor immunity, the initial signal is T cell receptor recognition of the major histocompatibility complex accompanied by cancer-specific antigens. The second signal is often known as immunological checkpoints, including stimulatory and inhibitory molecules that keep the immune system active (49). Tumor cell invasion is suppressed after T cell activation. Cancer progression is characterized by the evasion of the host immune response. As a result, blocking cancer immunosuppression can occur throughout the entire process of immune activation, in which targeting immunological checkpoints is an effective immunotherapy method for BM. In BM from NSCLC, CTLA-4 has been less studied, while PD-1 has been more studied and related therapies have been developed. The primary physical role of PD-1 is to maintain peripheral tolerance and keep T cell responses within the appropriate physiological range (50). Because an immune response triggers the PD-1/programmed cell death ligand 1(PD-L1) regulatory mechanism, a negative feedback loop that reduces local T-cell reactions and tissue damage is created (51). When NSCLC occurs, tumor-derived IL-6 stimulates PD-L1(+) myeloid cells (52). When PD-1 binds to PD-L1, cytotoxic T cells that detect tumor cells become inactive, promoting immune escape (14).

As a result, the expression of PD-1/PD-L1 is one of the most critical indicators of tumor status (53). ICIs may be helpful in the treatment of individuals with NSCLC to prevent BM, as impaired peripheral immune function increases tumor spread. When BM occurs in NSCLC, activated T cells, monocytes, and dendritic cells are among the immune cells that express PD-1 (54). Meanwhile, tumor cells, as well as immune cells, such as T cells, B cells, macrophages, and dendritic cells, express PD-L1 (55). Due to differences in TME, there may be inconsistent responses to ICIs for NSCLC between primary tumor lesion and BM. On the one hand, PD-1 + tumor infiltrate lymphocytes (TILs) are less permeable in BM, which may significantly reduce the ICIs effect of anti-PD-1 (45). On the other hand, PD-L1 is generally higher at metastatic sites (56), which is also associated with the efficacy of ICIs. PD-1/PD-L1 expression in patients with BM from NSCLC taking immunotherapy may predict survival independently (57).

Based on the functional role of PD-1/PD-L1 expression and distribution, it is unavoidable to predict its illustrious future in treating BM from NSCLC. Both PD-1 and PD-L1 inhibitors were beneficial in patients with CNS diseases in the first trial focusing on a group of patients with BM from NSCLC and assessing the effects of immunotherapy (58). Despite this, the mechanism of action of PD-1/PD-L1 is not entirely clear (38), and drug development is underway, with more research as a goal in the future.



Tumor‐Associated Macrophages and Microglia

Tumor‐associated macrophages and microglia (TAM/M) are highly plastic and receptive to cytokine, chemokine, and growth factor signals. Their activation promotes cell invasion, angiogenesis, metastasis, and immunosuppression (59). TAM/M is the main non-tumor cell in glioma (60) and is second in density to BM lymphocytes (61). TAM/m activation types include a pro-inflammatory, anti-tumor M1-like phenotype and an anti-inflammatory, pro-tumor M2-like phenotype. M1 macrophages highly express inducible nitric oxide synthase and secrete IL-1, IL-12, NO, and TNF-α, which have tumor-killing effects. M1-type markers are TNF-α, CD80, CXCL9, and CXCL10 (62). In response to IFN-γ and lipopolysaccharide, M1 macrophages, which secrete high levels of IL-12, inhibit tumor development (63).M2-type macrophages secrete arginase, IL-10, lipopolysaccharide, IFN-γ, inhibit CD8+ T cell proliferation, and promote tumor cell growth.M2-type markers CD204 and CD206, CCL17 and CCL18, etc. (62). M2 macrophages are exposed to IL-4 or IL-13 and produce immunosuppressive substances (IL-10 and TGF-β) that promote tumor growth by increasing STAT3 expression and inhibiting antigen presentation (63, 64).

In BM, the proportion of most immune cell subpopulations decreases, but with a few exceptions, such as M2-macrophages, whose ratio in the proportion is strongly associated with BM (65). Therefore, the change of TAM/m from M1 to M2 phenotype may be one of the reasons for the shift of TME from anti-tumor to pro-tumor (66). Recent in-depth studies of lung cancer BM have revealed that around 10% of TAM/m contain peripheral-derived macrophages in early metastases, rising to 20% in massive metastases (67). In contrast to primary NSCLC, BM microenvironment macrophages infiltrate more and show elevated monocyte-derived macrophages (47). The phenomena may reflect the antitumor effect of TAM/m in the early stages of BM formation and the accumulation and activation of TAM/m in the later stages (66).

C-X3-C motif chemokine receptor 1/C-X3-C motif chemokine ligand 1 axis is a signaling pathway which regulates TAM/m (66). This pathway has been much studied in brain inflammation, and its activation regulates microglia activation in a quiescent state (68), thereby inhibiting the release of IL-6, TNF-α, etc. (69). The relationship between this pathway and BM is inconclusive and warrants investigation. Considering the complex involvement of C-X3-C motif chemokine receptor 1 in the metastatic cascade, its nonspecific inhibitors may not be an appropriate therapeutic option (66). In addition, colony-stimulating factor 1 receptor inhibitors acting on TAM have shown promise in melanoma and enhancing chemotherapy response and might be applied in BM (70). Overall, immunotherapy against TAM/m includes both modulation of TAM/M polarization and inhibition of the survival and function of TAM/M. Some of the mechanisms have been studied to some extent, but there is still a lack of clinical studies demonstrating the actual therapeutic effects of BM from NSCLC targeting these mechanisms.



Astrocytes

Astrocytes are one of the most abundant cell types specific to the CNS and play an essential role in mediating tissue-specific communication in the brain (39). Also, astrocytes are the most abundant glial cells in the TME of BM. After the injury, astrocytes alter their phenotype, inducing a transcriptional program known as reactive astrocyte proliferation (71). Reactive astrocytes, like microglia, have two faces. When in contact with tumor cells early enough, astrocytes maintain microenvironmental balance and trigger apoptosis, inhibiting metastatic colonization. However, with further interactions (72), the shift from a metastatic suppressive to a facilitative milieu due to the intricate interplay between astrocytes and microglia is created (39). The effects between tumor cells and reactive astrocytes are mutual. IL-8, macrophage movement inhibitory factor, and fibrinolytic enzyme activator inhibitor 1 secreted by metastatic lung cancer cells can activate astrocytes that produce growth factors (IL-6, IL-1, and TNF-α), encouraging tumor growth (72). Also, astrocytes express a significant variety of immunosuppressive molecules (IL-10, TGF-β, etc.) that influence innate and adaptive immune cells (39).

When infiltrating lung cancer cells are exposed to astrocytes, plasmin from the ECM is a defense against metastasis. Plasmin inhibits BM by converting astrocyte FasL into a paracrine death signal and inactivating the axon guidance molecule L1CAM. In contrast, plasminogen activator inhibitory serpins secreted by tumor cells are a barrier against plasmin (73). Once bound to the astrocyte gap junction network, CTCs use connexin 43 to transfer the second messenger cGAMP to astrocytes. Thus, the STING pathway is activated to produce inflammatory cytokines such as IFN-α and TNF-α (74), which act as paracrine signals to promote tumor growth. So, we know the principle that drugs working on gap links can treat established BM. In addition, astrocytes fight BM by exogenously secreting miRNA-142-3p, mediating the downregulation of transient receptor potential ankyrin-1. In BM from lung adenocarcinoma, the downregulation inhibits transient receptor potential ankyrin-1-mediated activation of fibroblast growth factor receptor 2 and impedes metastasis (75). In the BM of NSCLC, we suggest that reactive astrocytes contact with tumor cells after extravasation and produce plasmin as a defense against metastasis at first. In contrast, tumor cells build proteins, such as plasminogen activators, that allow them to survive despite the production of plasmin. At the same time, reactive astrocytes relax endothelial cell junctions by cytokine and regulate tumor cell gene expression by exosomes, thus influencing the progression of progressive BM around the lesion (76).



Cancer-Associated Fibroblast

The role of cancer-associated fibroblasts (CAFs) in the microenvironment of NSCLC BM remains to be explored. Evidence of fibroblastic entities and their presence in the brain is limited, though fibroblasts are linked to the progression and metastasis of many cancers (77) for their pro-angiogenic and immunosuppressive effects. CAFs are activated fibroblasts in TME that release a significant number of cytokines and chemokines that affect a variety of leukocytes, including CD8+ T cells, Treg cells, and macrophages (78), playing effects such as pro-angiogenesis and immune suppression. CAFs express fibroblast activation protein-α, whose immunosuppression is mediated by CXCL12. This chemokine attaches to cancer cells and rejects T cells via a process dependent on signaling by the CXCL12 receptor CXCR4 (79).



TME Difference Between BM From NSCLC and Other Brain Tumors

The TME in BM is different from the extracranial primary tumor. However, BM’s molecular and genetic features often correlate with primary brain malignancies such as glioblastoma, some of which don’t exist in the primary tumor (80). For example, EGFR-amplified BM from NSCLC shows similar oncogenic changes with EGFR-amplified classic glioblastoma and Her2+ breast cancer BM (81). The similarity may be an adaptive mechanism for BBB selectivity. At the same time, molecular features may regulate TME, which means the similarity in oncogenic changes also lead to the similarity in TME (82).




Recent Advancements in the Treatment of BM From NSCLC With Immunotherapy

Because of the unique anatomical and physiological properties of the CNS, current therapeutic methods for BM from NSCLC are restricted, and the prognosis is poor. Therefore, immunotherapy has been increasingly popular in the treatment of NSCLC. Some patients with NSCLC may benefit from ICIs (83). Intracranial and extracranial lesions may vary considerably in response to systemic immunotherapy due to genetic differences between BM and primary tumor, as well as TME variations (84) (Table 3)


Table 3 | Update of immunotherapy in NSCLC BM.



The role of ICIs in BM has been studied in retrospective analysis, case series, and preliminary clinical trials. These discoveries and their quick translation into clinical practice are causing significant shifts in treating patients with BM from NSCLC (85). Multiple studies have consistently shown that ICIs improve overall survival in both primary tumors and BM, supporting the utility of ICIs in the treatment of BM (88). PD-1 and PD-L1 are the most clinically relevant immune checkpoints. Several medications have been approved for treatment in patients with lung cancer BM, including anti-PD-1 drugs such as pembrolizumab and nivolumab, and anti-PD-L1 drugs like atezolizumab (89).

Pembrolizumab has been demonstrated to generate CNS responses at rates comparable to extracranial malignancies, with the overall survival rate in NSCLC patients exceeding the historical rate of BM (87). Nivolumab is a complete human IgG4 ICI, which binds to PD-1 on activated immune cells, breaking the PD-L1 interaction and increasing the anti-tumor response (86). Studies have shown Nivolumab to have a potential therapeutic effect on BM (90, 91). Atezolizumab monoclonal antibody has also been proven to extend the life expectancy of individuals with BM.

ICIs have changed the way advanced cancer patients are treated. Despite the positive results of ICI therapy, only a tiny percentage of patients responded, severely limiting the growth of ICI therapy. As a result, immunotherapy for BM from NSCLC is being developed with other combination therapies, such as radiotherapy or chemotherapy (92–95). Recent research has discovered that cancer patients having radiotherapy and/or chemotherapy have varied immunogenicity patterns, which could improve the function of immunotherapy, promote efficiency, and reduce side effects (96–98). Because of their potential to influence innate and adaptive immunity, certain chemotherapeutic drugs, such as cyclophosphamide, may improve the anticancer efficacy of immunotherapy.



Conclusion

The significance and distinctiveness of BM compelled us to investigate it, and the TME is an essential research direction. NSCLC is the most prevalent tumor that causes BM, and while BM has a distinct TME, there are some similarities with original foci, such as the role of HIF. When BM occurs, the presence of BBB, as well as different types of ECM composition and tissue-resident cells, leads to the infiltration of blood-derived immune cells and the alteration of ECM and tissue-resident cells with tumor colonization, resulting in a distinct TME compared to primary NSCLC. Infiltration and phenotypic shifts of immune-related cells, in particular, cause alterations in signaling molecules that gradually transform the TME of BM from tumor rejection to growth. Because of these fundamental alterations, new ideas for treating BM from NSCLC emerged, and targeted immunotherapy was successfully implemented in practice. And the combination of conventional therapy and immunotherapy has begun. We feel that the importance of the TME is self-evident throughout the process, and it has facilitated the practice of immunotherapy. As a result of more in-depth research on the mechanism, treatment will be more comprehensive, and the prognosis of BM from NSCLC will be more encouraging.
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The glioma immune microenvironment (GIM), consisting of glioma cells, stromal cells, and immune cells, accelerates the initiation, development, immune evasion, chemoresistance, and radioresistance of glioblastoma (GBM), whereas the immunosuppressive mechanisms of GBM have not been thoroughly elucidated to date. The glioma data downloaded from The Cancer Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA) databases were used to evaluate the composition of tumor-infiltrating immune cells (TICs) by the CIBERSORT algorithm. RNA-seq datasets from the TCGA and CGGA were used to analyze the relationship between immune scores with patients’ characteristics and TICs, which showed higher ratios of tumor-inhibiting/tumor-promoting signatures (M2/M1 macrophages) along with higher immune scores. The distribution of TICs among different glioma patients and the correlation with hazard ratio (HR) analysis suggested that M2 macrophages were abundant in malignant gliomas and indicated an unfavorable prognosis. We further analyzed TCGA cases with available mutation and copy-number alteration information, which showed that the status of PTEN could influence the immune microenvironment of glioma patients. Tissue microarrays of 39 GBM patients were carried out to confirm the clinical significance of PTEN and macrophage markers. We found that the high expression of PTEN was associated with a more extended survival period of glioma patients, positively correlated with M2 macrophages and negatively with M1 macrophages. Transwell and flow cytometry analyses demonstrated that PTEN status could prevent M1 to M2 polarization and M2 macrophage recruitment of gliomas in vitro. The newly discovered immunoregulatory activity of PTEN opens innovative avenues for investigations relevant to counteracting cancer development and progression.




Keywords: glioma, immune microenvironment, macrophages, PTEN, polarization



Introduction

Gliomas comprise nearly four-fifths of all common malignant central nervous system tumors, which include low-grade glioma (LGG) and glioblastoma (GBM) (1). LGG, according to the criteria established by the World Health Organization (WHO), defined as a lower grade (I–III), has a more favorable prognosis. Conversely, GBM classified as the highest grade (IV) has a more unfavorable prognosis (2, 3). Moreover, GBM is one of the most highly immunosuppressive and lethal tumors. Although standard therapies had improved, concluding surgical resection, radiotherapy, systemic therapy (chemotherapy, targeted therapy) (4), and supportive care, the median survival of GBM patients remains less than 16 months (5, 6), and treatment remains palliative.

Given that multiple components composed the glioma microenvironment, including blood vessels, parenchyma cells, extracellular matrix, soluble factors, and infiltrating immune cells (7, 8), tumor-associated macrophages (TAMs) are enriched in GBMs, serving as an essential element of the tumor microenvironment in GBM and playing crucial roles in supporting tumor growth (9, 10), suggesting that targeting TAMs may improve tumor outcome. It is well known that TAMs include two key populations: M2 macrophages serving as tumor supporters and M1 macrophages serving as tumor suppressors (11). In the tumor microenvironment, M2 macrophages play immune-suppressive roles via promoting tumor development (12). What is more, the majority of TAMs in GBMs have M2-like properties (13), which is verified in several studies that M2-polarized TAMs support the malignant growth of GBM (14–16). Although M2 macrophages have a remarkable effect on the development of GBMs, the mechanisms underlying the program and maintenance of M2 macrophages in the glioma microenvironment remain unknown.

Phosphatase and tensin homolog (PTEN) is an omnipresently expressed tumor suppressor, commonly inactivated in sporadic human cancers. In many tumors such as brain, prostate, and bladder, PTEN frequently showed genomic deletion (17, 18). Shortly after that, PTEN mutations were also found to increase the risks of cancer predisposition and neurological symptoms (19). PTEN is a central negative regulator of the phosphoinositide 3-kinase (PI3K)-Akt-mechanistic target of rapamycin (mTOR) signaling pathway, which plays a significant role in ruling a wide range of essential cellular processes such as cell proliferation, apoptosis, survival, and metabolism (20, 21).

In this study, we addressed glioma classification by identifying specific immune types based on The Cancer Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA) database. Glioma immune scores may provide novel insights into the glioma microenvironment, systematically investigating clinical, genomic, and biological conditions. M2 macrophages, existing more in the higher immune score patients, were influenced by PTEN status.



Material and Methods


Human Glioma Samples

Thirty-nine surgical resection specimens of glioma patients were obtained from the First Affiliated Hospital of Nanjing Medical University (Nanjing, China). All the specimens’ histological features were identified by pathologists following the WHO criteria. This study protocol was approved by the Research Ethics Committee of Nanjing Medical University (Nanjing, Jiangsu, China).



Glioma Patient Databases

Databases from patients were downloaded from the TCGA database (n = 688) (http://cancergenome.nih.gov/) and CGGA database (n = 693) (http://www.cgga.org.cn). DNA copy number and mutation profiles were obtained from the TCGA website (http://cancergenome.nih.gov/).



Western Blot Analysis

Western blot analysis was performed as described previously (22). Immunoblot analysis used the following primary antibodies: anti-PTEN (#9188), Akt (#4685), phospho-Akt (#4060), CD163 (#93498), CD68 (#97778), CD206 (#24595), iNOS (#13120), and α-tubulin (#2144) were purchased from Cell Signaling Technology (MA, USA).



Flow Cytometry

Cells were incubated with fluorescence-conjugated antibodies for 30 min at 4°C, after being collected and washed. Cells were fixed and permeabilized with a fixation/permeabilization solution kit (BD Cytofix/Cytoperm) and 1% paraformaldehyde (PFA) for facilitating intracellular staining. The results were analyzed using the FlowJo 10.7 software program. This analysis used the following primary antibodies: Iba1 (#17198) and anti-rabbit IgG (H+L), F(ab′)2 fragment (PE conjugate) (#79408) were purchased from Cell Signaling Technology (MA, USA), and CD163-APC (130-100-612) was purchased from Miltenyi Biotec (Germany).



Polarization of Macrophages

For differentiating into an intermediate stage M0, THP-1 cells were stimulated by phorbol 12-myristate 13-acetate (PMA). After that, IFN-γ and LPS were used to stimulate the polarization from M0 to M1 macrophages and then IL-4 and IL-13 for the polarization from M0 into M2 macrophages.



Cell Lines, Incubation, and Stable Cell Establishment

Three human GBM cell lines (U251, LN229, and U87) and the human monocyte cell line THP-1 cells were purchased from the Chinese Cell Repository (Shanghai, China). LN229 cells were infected with lentivirus containing PTEN-specific shRNA (shPTEN) or non-targeting control shRNA (shCONT). For establishing stably expressing shPTEN or shCONT, transfected LN229 cells were selected with additional 5 mg/ml puromycin for 3 to 4 weeks. The targeting sequence for PTEN-shRNA was 5′-GCTAGAACTTATCAAACCCTT-3′.



Macrophage Migration Assay

After differentiating THP-1 cells into M2 macrophages in vitro, the macrophage migration assay was performed. In a 24-well plate, U87, U251, LN229shCONT, and LN229shPTEN cells were placed on the bottom of the lower chamber serving as a chemoattractant. Meanwhile, M2 macrophages were added in the upper transwell inserts (New York, USA, Cat: 09717050). After being incubated at 37°C and 5% CO2 for 48 h, the remaining cells on the top of the membrane were wiped off with a cotton swab. Cells which migrated into the bottom of the membrane were fixed with 4% PFA and stained with crystal violet solution. After dipping into distilled water to remove excess staining, the results of migration were visualized under a microscope.



M1 Macrophage and Glioma Cell Transwell Co-Culture Assay

Cell culture inserts (3.0 µm) (New York, USA, Cat: 353492) were used to perform this indirect co-culture assay. In the presence of PMA, U87, U251, LN229shCONT, and LN229shPTEN cells were seeded into the bottom wells. Meanwhile, the upper inserts were added with M1-polarized THP-1 cells. Macrophages were then collected and labeled with M2 macrophage marker CD163 and pan-macrophage marker Iba1 to identify the phenotypic changes using flow cytometry.



Estimation of TICs

After uploading the normalized gene expression data to the CIBERSORT web portal (https://cibersort.stanford.edu/), 100 permutations and the LM22 gene signature were used to determine the algorithm. The 22 immune cells mainly consisted of T cells, B cells, NK cells, and other myeloid subsets (23). TICs from tumor and normal samples were differentiated by principal component analysis (PCA). Cases with a CIBERSORT algorithm p-value <0.05 were filtered and selected for further analysis.



Immunohistochemistry

All immunohistochemistry experiments were performed according to the methods described in our previous study (24). Histochemistry score analyses were conducted by using the IHC profiler through ImageJ.



In-Vivo Tumorigenesis

Viable GBM cells were counted and engrafted intracranially into female Bagg albino (BALB)/c nude mice (4 weeks old). All the animal experiments were approved in accordance with the Animal Use Guidelines of the Chinese Ministry of Health (documentation 55,2001). Healthy female mice of Bagg albino (BALB)/c background, 4 weeks old, were randomly selected and used in this study for intracranial injection. Animals were maintained until neurological signs were apparent, at which point they were sacrificed. Brains were collected and fixed in 4% formaldehyde, cryopreserved in 30% sucrose, and then cryosectioned.



Immunofluorescent Analysis

Tumor sections were fixed with 4% paraformaldehyde, washed with PBS, permeabilized with 0.5% (vol/vol) Triton X-100 (California, USA, 1610407), and blocked with 3% (wt/vol) BSA (Saint Louis, USA, A7906) in PBS. Primary antibodies [anti-Iba1 (Cell Signaling Technology, #17198) and anti-CD163 (Boston, MA, USA, ab156769)] were added to the sections and incubated overnight at 4°C. After three washes with cold PBS, samples were incubated with secondary antibodies [Alex 488- or 568-labeled anti-rabbit or anti-mouse (Thermo Fisher Scientific)] for 1 h at room temperature, counterstained with 4,6-dianmino-2-phenylindole (DAPI) (Cell Signaling, 4083, 1:5,000), and sealed with mounting medium (Sigma-Aldrich, F4680).



Statistical Analysis

The differences in the variable groups were assessed by Student’s t-test and one-way analysis of variance (one-way ANOVA). SPSS 24.0 (IBM, Chicago, USA), R3.3.1 (https://www.r-project.org/), and GraphPad Prism 8.0 programs were used for statistical analyses. The levels of infiltrating stromal and immune cells and tumor purity in the tumor samples were calculated by “Estimation of Stromal and Immune cells in Malignant Tumors using Expression data” (ESTIMATE) (25). The Gene Tree View software was used to generate heatmaps in this study. Kaplan–Meier curves and the log-rank test were used to conduct survival analysis with GraphPad Prism 8 software. Statistical values of p <0.05 were considered to be significant.




Results


The Immune Cell Infiltration Landscape in Gliomas

RNA-seq datasets used in this study were downloaded from the TCGA and CGGA. Gliomas from the two datasets were arranged in order of increasing immune scores. The distribution of immune scores was evaluated among different groups and associated with other factors. We found a positive correlation between glioma immune scores and clinical or molecular characteristics, including age, grade, and histology. Moreover, patients who got lower immune scores have better overall survival (OS) than those who got higher immune scores. The mesenchymal subtype gliomas display higher immune scores compared with the other three subtypes. Concerning genomic alterations, in glioma samples, the IDH mutation and 1p/19q codeletion indicated lower immune scores (Figures 1A, B). In addition, we evaluated the different enrichment levels of 22 immune cell types associated with the immune scores. Furthermore, the 22 tumor-infiltrating immune cell (TIC) cluster heatmaps are shown in Figures 1A, B. We noticed that B cells naive, B cells memory, plasma cells, T cells CD8, Tregs, NK cells resting, monocytes, macrophages M1, and neutrophils were negatively correlated with the immune score in the TCGA, while B cells naive, plasma cells, T cells CD4 (memory resting/activated), T cells (follicular helper/gamma delta), NK cells active, macrophages M1, dendritic cells activated, and neutrophils were negatively correlated with the immune score in the CGGA as well. According to the above findings, B cells naive, plasma cells, macrophages M1, and neutrophils were negatively correlated with the immune score in both the TCGA and the CGGA. We also observed that T cells (CD4 naive), macrophages M0 and M2, dendritic cells activated, and mast cells resting were positively correlated with the immune score in the TCGA, while B cells memory, T cells (CD4 naive), NK cells resting, and macrophages M2 were positively correlated with the immune score in the CGGA as well. It was quickly found that macrophages M2 and T cells (CD4 naive) were positively correlated with the immune scores in both the TCGA and the CGGA. Interestingly, we observed higher ratios of tumor-inhibiting/tumor-promoting signatures (M2/M1 macrophages) in higher immune scores than in immune scores–low gliomas.




Figure 1 | The landscape of clinical and molecular characteristics in association with immune scores. The Cancer Genome Atlas (TCGA) (A) and the Chinese Glioma Genome Atlas (CGGA) (B) sets were arranged to increase immune scores. The relationship between immune scores and patients’ characteristics was evaluated. Heatmaps of the enrichment levels of 22 immune cell types correlated with the immune scores in the TCGA and CGGA.





Different Distribution of TICs Among Glioma Grades and Subtypes

Then we evaluated the distribution of the 22 TICs in different glioma groups, distinguished by immune scores, WHO grade, and TCGA subtypes using the TCGA (top) and CGGA datasets (bottom) (Figure 2A). In the TCGA, we found that the expression of tumor supporter M2 macrophages in the WHO IV group was the highest compared with the other two histology groups (WHO II and WHO III) and in the mesenchymal group compared with the other three subtypes (classical, neural, and proneural) (Figures 2B, C). In the CGGA, M2 macrophages’ expression was higher in WHO IV than in WHO II (Supplementary Figure 1A) and the lowest in the neural subtypes (Supplementary Figure 1B). Total macrophages and M0 macrophages existed more in WHO IV compared with WHO III or II, both in the TCGA and CGGA (Figure 2B and Supplementary Figure 1A). The expression of total macrophages has no statistical difference among the four subtypes, whereas M0 macrophages’ expression showed in the neural subtype was the lowest (Supplementary Figure 1B). As for the expression of M1 macrophages, there was no statistical difference among WHO IV, III, and II or the four subtypes in the CGGA, although it was the lowest in WHO II or the highest in the classical subtype in TCGA (Figures 2B, C and Supplementary Figures 1A, B). In conclusion, we found that more malignant gliomas generally had a higher expression of M2 macrophages.




Figure 2 | Different distribution of TICs among glioma subtypes. (A) The fractions of 22 immune type cells in different glioma patients’ characteristics in the TCGA (top) and CGGA (bottom). (B) Comparison of the total and different subtypes of macrophage expression between different WHO grade glioma specimens in the TCGA. (C) Comparison of the total and different subtypes of macrophage expression between TCGA subtypes in the TCGA.





M2 Macrophages Indicated an Unfavorable Prognosis

The 22 immune cell types correlated with hazard ratio (HR) in the TCGA and CGGA were analyzed. We observed that monocytes were correlated with favorable outcomes both in the TCGA and CGGA. On the other hand, 10 of these 22 TICs were related to adverse outcomes, including M2 macrophages, which positively correlated with the immune score both in the TCGA and CGGA (Figure 3A). The dichotomization on median value was used to separate cases for depicting the survival curves. Parallel analyses were conducted in both the TCGA and CGGA datasets. We found that the high expression of total macrophages and M0 and M2 macrophages was associated with a shorter survival period in both the TCGA and CGGA datasets. On the contrary, there was no significantly different OS between higher and lower M1 macrophages in both the TCGA and CGGA datasets (Figures 3B–E). Taken together, these data suggested that M2 macrophages indicated an unfavorable prognosis.




Figure 3 | M2 macrophages indicated an unfavorable prognosis. (A) The 22 immune cell types correlated with hazard ratio (HR) in the TCGA and CGGA. (B–E) The total and different subtypes of macrophages were associated with the prognosis in glioma patients in the TCGA (left) and CGGA (right), based on the results of the Kaplan–Meier survival analysis.



Total macrophage enrichment is associated with distinct patterns of genomic alterations, and the glioma prognosis was correlated with the status of PTEN.

For uncovering the molecular mechanisms that influence tumor cell percentage within the glioma microenvironment, we analyzed TCGA cases with available mutation and copy-number alteration information. Based on the increasing total macrophages, cases were divided into four subgroups. Here, we showed the first quarter (low total macrophages) and fourth quarter (high total macrophages), frequent mutations in IDH1, 1p19q, PTEN, CIC, TTN, ATRX, and EGFR. Interestingly, PTEN mutations (including nonsense and missense mutations) almost happened in the high total macrophage group (Figure 4A). We also found that the expression of PTEN was negatively associated with the fraction of total macrophages and M2 macrophages (Figure 4B). To assess our findings’ clinical relevance, we have used tissue microarrays containing 39 GBM patients to carry out the immunohistochemical analysis of PTEN, CD68 (M1 macrophage marker), and CD163 (M2 macrophage marker). We further evaluated whether the expression of PTEN, CD163, and CD68 was associated with the prognosis of GBM patients. Kaplan–Meier survival analysis indicated that patients with low expression of PTEN exhibited much worse OS. On the contrary, increased expression of CD163 was associated with a more extended survival period (Figure 4C), and the expression of CD68 had no significant association with the OS of GBM patients (Supplementary Figure 2A). A highly significant positive correlation between PTEN and CD68 was found in these GBM specimens. In contrast, a negative correlation was found between PTEN and CD163 (Figure 4D). CD163 and CD68 expression levels also have an opposing correlation (Supplementary Figure 2B). Tumors with high total positive histochemistry scores (H-scores) (the summary of high positive, positive, and low positive H-scores) of PTEN expressed low CD163 and high CD68 levels (Figures 4D, E). Collectively, the status of PTEN was related not only to the polarization of macrophages in the glioma microenvironment but also to the prognosis of glioma patients.




Figure 4 | Total macrophage enrichment is associated with distinct patterns of genomic alterations, and the glioma prognosis was correlated with the status of phosphatase and tensin homolog (PTEN). (A) Differential somatic mutations were detected by comparing gliomas with high and low total macrophages. (B) The relationship of total macrophages (left) or M2 macrophages (right) with the expression of PTEN in the TCGA database. (C) Kaplan–Meier curves of overall survival for patients with high or low total positive H-scores of PTEN (left) and CD163 (right). (D) Spearman correlation analysis between PTEN and CD163 (left) or CD68 (right) protein levels in GBM specimens. (E) Immunohistochemical staining of PTEN, CD163, and CD68 in human GBM tissues. Representative images of immunohistochemical staining from the same tumor samples (GBM patient PTEN high, left; GBM patient PTEN low, right) are shown. Scale bar: 400 µm (left), 200 µm (right).



PTEN impairs the macrophage polarization from M1 toward M2 and the recruitment of M2 macrophages.

To further examine the relationship between PTEN deletion/mutation and M2 macrophage infiltration in vitro, we chose U87 (PTEN deletion), U251 (PTEN mutation), and LN229 (PTEN wild type) cells for further study. Moreover, LN229 cells were transduced with a non-targeting control small hairpin RNA (shRNA) (shCONT) and shRNA targeting PTEN (shPTEN), respectively. We performed Western blot analyses of these glioma cell lines. The results revealed that PTEN was not expressed in U87 cells, and the PTEN expression was silenced with shPTEN in LN229shPTEN. The levels of phosphorylated Akt (Ser 473) were significantly lower in LN229shCONT compared with the other cell lines (U87, U251, and LN229shPTEN) (Figure 5A). We established a co-culture system of glioma cells with M1 or M2 macrophages. After polarization of THP-1 cells into M2 macrophages, we subsequently collected M1 macrophages co-cultured with U87, U251, LN229shCONT, and LN229shPTEN cells, respectively, for Western blot and flow cytometry analyses. Western blot analysis results showed that the expression levels of M2 macrophage markers CD206 and CD163 in these macrophages co-cultured with PTEN deletion, mutation, or silenced cells (U87, U251, and LN229shPTEN) were significantly higher compared with those co-cultured with PTEN wild-type glioma cells (LN229shCONT). On the contrary, the macrophages co-cultured with LN229shCONT showed higher expression levels of M1 macrophage markers CD86 and iNOS (Figure 5B). The flow cytometry results revealed that the percentage of M2 macrophages (CD163+/Iba1+) was higher after being co-cultured with U87, U251, and LN229shPTEN cells compared with LN229shCONT cells (Figure 5C), and the statistical analysis of the percentage of M2 macrophages is shown in Figure 5D. To determine whether PTEN status could impact M2 macrophage migration, we subsequently co-cultured M2 macrophages, respectively, with U87, U251, LN229shCONT, and LN229shPTEN cells after polarizing THP-1 cells into M2 macrophages. The results revealed that the migration of M2 macrophages was remarkably decreased when co-cultured with LN229shCONT cells (PTEN wild type) (Figure 5E), and the statistical analysis of the percentage of migrated M2 macrophage cells is shown in Figure 5F. To address whether PTEN plays a role in TAM recruitment, we examined the effect of PTEN deletion or wild type on TAM density in GBM cell xenografts. We applied the M2-specific marker CD163 and the pan macrophage marker Iba1 to distinguish M2 TAMs in GBM cell-derived tumors. Frozen sections of these GBM xenografts derived from U87 (PETN deletion) cells or LN229 (PETN wild type) cells were immunostained with antibodies against Iba1 and CD163 and counterstained with DAPI (Figure 5G). As shown by the immunofluorescent analysis, marked reductions of CD163 and Iba1 signals were detected in the PTEN wild-type-derived tumors. These findings revealed that PTEN is an essential factor in preventing the polarization of M1 macrophages toward M2 macrophages and the migration of M2 macrophages in vitro and in vivo.




Figure 5 | PTEN deletion or mutation glioma cells promoted M1 macrophage differentiation toward M2 macrophage. (A) Immunoblot analyses of PTEN, total Akt, and phosphor-Akt (Ser473) expression in cell lysates of U87, U251, LN229shCONT, and LN229shPTEN cells. Tubulin served as the loading control. (B) Immunoblot analyses of CD206, CD163, CD86, and iNOS expression of macrophages after co-culture with U87, U251, LN229shCONT, and LN229shPTEN cells. Tubulin served as the loading control. (C) Flow cytometric analysis for pan-macrophage marker Iba1 and M2 macrophage marker CD163 expression in the collected macrophages after co-culture with U87, U251, LN229shCONT, and LN229shPTEN cells. (D) The percentage of M2 macrophages is summarized in the bar chart. (E) Representatives of M2 macrophage migration assays induced by U87, U251, LN229shCONT, and LN229shPTEN cells. Scale bar: 100 µm. (F) Statistical analysis of the percentage of the migrated M2 macrophage cells. The data were calculated as means ± standard error of the mean (SEM) of six independent experiments (right). (G) Immunofluorescent analysis of the pan macrophage marker Iba1 (green) and M2 marker CD163 (red) in GBM xenografts derived from U87 cells or LN229 cells. Frozen sections of these GBM xenografts were immunostained with antibodies against Iba1 and CD163 and counterstained with DAPI (blue). Marked reductions of CD163 and Iba1 signals were detected in the LN229-derived tumors. Scale bars: 100 µm (****p < 0.0001).






Discussion

GBM is the most well-known primary brain malignancy in adults, characterized with extensively cellular heterogeneity and hierarchy. Diverse phenotypic tumor cells, prominent TAMs, other immune cells, and the extracellular matrix all together dispatch tumor progression and immune evasion (2, 26). The communication within those cells, including vascular cells, stromal cells, transformed cells, and infiltrating inflammatory cells in the tumor microenvironment, contributed to the poor prognosis of patients (10). Through the TCGA and CGGA databases, we evaluated the different enrichment levels of 22 immune cell types among glioma samples based on immune scores. We demonstrated that patients with lower immune scores had better OS. A potential explanation for this is that the progression and exacerbation of gliomas could be promoted by the inflammatory tumor microenvironment (27). Our results also confirmed that a macrophage-rich microenvironment could shape a mesenchymal glioma cell phenotype. Noticeably, most IDH1 and 1p/19q codeletion mutations occurred in the group with low immune scores, indicating that IDH mutations and 1p/19q codeletion negatively correlate with glioma immunity. These findings are consistent with the results of a previous study showing that IDH mutations were associated with low immune infiltration in gliomas (28, 29).

In recent years, several studies have investigated the immune landscape of glioma. For instance, Thorsson et al. revealed that the immunologically quiet subtype mainly was composed of LGG, containing the lowest level of lymphocyte infiltration (30).

Total macrophages-high included a significantly higher percentage of PTEN mutated than total macrophages-low, suggesting that PTEN mutations have a negative correlation with glioma immunity. To explore the impact of different PTEN statuses on the immunological classification of gliomas, glioma cells were separated into PTEN deletion, PTEN mutation, PTEN wild type, and PTEN wild type-shPTEN groups for in-vitro experiments. The subsequent experiments validated that the change or loss of PTEN wild-type status could promote tumor cells to reprogram macrophages from M1 to M2 and facilitate the migration of M2 macrophages.

PTEN status detection in glioma has tremendous potential to raise our understanding of this disease’s pathology and identify efficient therapeutic approaches to improve clinical outcomes for glioma patients. As the most commonly lost tumor suppressor in primary glioma, PTEN loss, which served as one of the few prognostic biomarkers, is reproducibly associated with unfavorable prognosis in glioma patients. In conclusion, our results showed that the change of PTEN status could influence the immune response to tumor progression and has a key role in predicting which patients will respond to promising immunotherapies.
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Glioma is a highly malignant brain tumor with a poor survival rate. Novel biomarkers that act as prompt indicators of glioma are urgently needed. In this study, we identified and validated prognosis-related differentially expressed genes by datasets of glioma in the GEO and TCGA databases. Ferroptosis is a newly recognized process of cell death playing a vital role in cancer biology. Pearson correlation coefficient were used to discovery the prognosis-related genes which have the highest correlation with ferroptosis. Matrix remodeling-associated protein 8 (MXRA8) was identified as a novel prognosis indicator which may be involved in ferroptosis. The expression of MXRA8 was significantly higher in glioma compared with normal brain tissue, and increased expression of MXRA8 was associated with unfavorable survivals. Furthermore, in vitro analysis showed that knockdown of MXRA8 inhibited the cell viability in T98G and U251 cells and increased the sensitivity of glioma cells to temozolomide. We further observed that downregulation of MXRA8 elevated the levels of intracellular ferrous iron and lipid peroxidation, accompanied by upregulation of NCOA4 and suppression of FTH1. Moreover, co-expression analyses showed that GO term and KEGG pathways were mainly enriched in immunity-related pathways, such as neutrophil-related immunity, adaptive immune response, and cytokine binding. Through ssGSEA algorithm and TISIDB database, immunological analyses showed that MXRA8 was significantly correlated with various immune infiltration cells including NK cells, macrophages, and neutrophils. Meanwhile, MXRA8 was also associated with chemokines and multiple immunoinhibitory molecules, such as TGF-β1, IL-10, PD-L1, and CTLA4. We also found that MXRA8 was positively associated with immune infiltration score, and patients with higher immune score underwent worse overall survivals. Moreover, IHC staining indicated a highly positive correlation of MXRA8 with a macrophage marker CSF1R. The co-cultured models of glioma cells and M2 macrophages showed MXRA8 knockdown glioma cells alleviated the infiltration of M2 macrophage, while the reduced M2 macrophage infiltration generated by MXRA8 could be rescued by Fer-1 treatment. These results suggest that MXRA8 promotes glioma progression and highlight the pivotal role of MXRA8 in ferroptosis and immune microenvironment of glioma. Therefore, MXRA8 may serve as a novel prognostic marker and therapeutic target for glioma.
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Introduction

Glioma is one of the most common primary brain tumor, with an annual incidence of 3–8 per 100,000 population (1). As the most malignant subtype of glioma, glioblastoma multiforme (GBM) have an around 14 months of median survival (2, 3). Despite the availability of conventional treatments, such as surgical resection, adjuvant radiotherapy, and chemotherapy, the effects of prolonged survivals in GBM patients were still limited (4). Hence, exploring novel prognostic biomarkers for glioma therapy is crucial.

Ferroptosis, a newly discovered form of regulated cell death, involves an iron-dependent accumulation of lethal lipid peroxidation (5). Dysregulation of iron metabolism were thought to be a hallmark for ferroptosis and triggers intracellular reactive oxygen species (ROS) production by the Fenton reaction (6). Furthermore, disruption of glutathione metabolism system could also cause overload of lipid peroxidation, leading to extremely harmful cell damages in the process of ferroptosis (7). Over the past years, the essential role of ferroptosis in regulation of diverse physiological conditions and pathological progression has been identified in humans, and it has been gradually recognized as an adaptive process to render cancer cells vulnerable to death (8). Some studies have shown that tumor suppressor gene, TP53, could repress the synthesis of glutathione leading to ferroptosis promotion (9). In glioma, it has been reported that p53-dependent inhibition of SLC7A11, a unit of the glutamate-cystine antiporter required for ferroptosis induction, could deplete glutathione and elevate the levels of intracellular ferrous iron (Fe2+), H2O2, and lipid peroxidation (10). Furthermore, ferroptosis in glioma could be triggered by a battery of inducers, such as RSL3 and erastin, accompanied by suppression of proliferation and angiogenesis (11). Hence, induction of ferroptosis is emerging to be an effective strategy to eliminate glioma development, and the role of ferroptosis in glioma still needs to be further elucidated.

Emerging studies have established that immunotherapy could become an effective method by manipulating the immune system to recognize and attack cancer cells (12). Recently, the crosstalk between ferroptosis and antitumor immunity has been increasingly recognized. Study showed that ferroptosis could be integrated with immunotherapy through activated CD8+ T cells, by enhancing lipid peroxidation in cancers (13). Additionally, tumor cells treated by ferroptosis inhibit increased the resistance of a PD-L1 inhibitor (13). CD8+ T cell-derived IFN-γ cooperated with radiotherapy-activated ataxia-telangiectasia mutation (ATM) could induce ferroptosis in human fibrosarcoma cells and melanoma cells (14). These studies provoked a new insight of the relationship between ferroptosis activation and immune system regulation.

In the present study, we thus explored the differential expression of ferroptosis-related genes in glioma samples through the GEO datasets and TCGA database. We identified that Matrix remodeling-associated protein 8 (MXRA8) is highly expressed in glioma sample and is associated with poor prognosis of glioma. MXRA8 is reported to confer debilitating acute and chronic musculoskeletal disease, since it serves as an entry mediator for multiple arthritogenic alphaviruses (15). In terms of tumor progression, several studies have reported that high expressions of MXRA8 had poor overall survival (OS) in kidney renal clear cell carcinoma patients and is correlated with tumor microenvironment in esophageal squamous cell carcinoma (16). However, the underlying functions of MXRA8 in gliomas have not been elucidated. To further understand the role of MXRA8 in glioma, in vitro analysis is conducted and shows that knockdown of MXRA8 inhibited cell proliferations, increased the TMZ sensitivity, and induced ferroptosis in glioma. Further bioinformatics analysis revealed that MXRA8 function could be enriched in immune responses, and MXRA8 expression was positively associated with immunoinhibitory chemokines and checkpoints. Our data suggest that MXRA8 might act as a potential prognostic marker for glioma involving ferroptosis and immunity mediation.



Materials and Methods


The DEGs in Glioma Screened From the GEO and TCGA Datasets

The GEO (http://www.ncbi.nlm.nih.gov/geo) is an open-source platform for the storage of gene expression, chips, and microarray data. Two expression profiling datasets (GSE147352 and GSE59612) were, respectively, downloaded from the GEO database. The GSE147352 dataset includes 103 glioma and 15 normal brain tissues. The GSE59612 dataset includes 39 glioma and 17 nonneoplastic brain tissues. According to the setting cutoff criteria (fold change ≥2, p < 0.001), the differentially expressed genes (DEGs) between glioma and normal brain were identified. LASSO Cox regression was applied to predict the prognosis-related genes in glioma. For LASSO analysis, RNA-seq data and the latest clinical follow-up information were downloaded from the TCGA using GDC API (https://portal.gdc.cancer.gov/repository), including 606 RNA-seq data samples. The gene expression profiles were normalized using the scale method provided in the R package “limma”. To analyze the gene signature that contains the most helpful biomarkers for prognosis, R package “glmnet” was used and then the risk score of each sample in all the datasets was calculated through the signature (17). For survival analysis, samples were divided into high- and low-risk groups relying on their own median risk score by using R package “survival.” To verify the prognostic value of the MXRA8-based classifier, time-dependent (3-year, 5-year, and 10-year) receiver operating characteristics (ROC) were analyzed using the R package “timeROC” in the TCGA datasets (18).



Clinical Feature Analysis

GEPIA2.0 (http://gepia.cancer-pku.cn/) (19) and UALCAN (http://ualcan.path.uab.edu/analysis.html) (20) were used to access mRNA data of glioma and normal specimens from the TCGA database. Furthermore, the clinical and survival analyses were obtained from the CGGA database (http://www.cgga.org.cn). In total, 325 samples and 693 samples of RNA sequencing data from the CGGA database 2 (http://www.cgga.org) were used for subtype analysis of the grade, IDH type, methylation status, age, and survivals. Clinical specimens were collected from glioma patients admitted for operation in Beijing Tiantan Hospital (21). Xiantao tool (https://www.xiantao.love/products) is a comprehensive bioinformatics analysis portal which can perform differential expression, enrichment analysis, interaction network, and clinical significance across pan-cancer types (22). Univariate regression analysis was performed to analyze the demographic characteristics of MXRA8 expression in glioma using the Xiantao tool.



The GO and KEGG Pathway Analyses

LinkedOmics is an open-access portal that provides multiomics data across various cancer types with three analytical modules: LinkFinder, LinkInterpreter, and LinkCompare (23). The heatmaps of positively or negatively correlated genes with MXRA8 were analyzed with the LinkFinder module. Correlation analyses were performed using Spearman’s correlation test. The LinkInterpreter module was used to analyze the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway.



Identification of the Association Between Prognostic and Ferroptosis-Related DEGs

To explore the relationship between ferroptosis and our prognostic genes, we first identified 60 ferroptosis-associated genes from the GeneCards (https://www.genecards.org/) (24), which contains up-to-date list of human ferroptosis-related genes. After merging samples, 142 glioma cases from the GEO database (GSE147352 and GSE59612) were qualified for subsequent analysis. Pearson’s test was performed to examine the correlation between ferroptosis-related DEGs and our prognostic gene expression.



Immunological Analysis

Interactions between tumor and immune system were performed with the TISIDB database (25) and Xiantao tool (https://www.xiantao.love/products). We used the Xiantao tool to identify the demographic characteristics of MXRA8 expression and cancer immunology research in GBM, and then TISIDB was employed to cross-validate the roles of MXRA8 in immune-associated signaling pathways, such as tumor-infiltrating immune cells, and immunomodulators.

GEPIA2 is an interactive web server to analyze the RNA sequencing expression data of different cancer types and normal samples from the TCGA database and the GTEx projects, using a standard processing pipeline (26). Here, we computed the correlation between MXRA8 and immune monitoring sites in GBM and the corresponding normal tissues.



Cell Cultures, Reagents, siRNA Transfections, and Macrophage Polarization

T98G and U251 human glioma cell lines were obtained from the Cancer Research Institute, Central South University, China, as described in our previous study (27); glioma cells were incubated in DMEM (C11995500, HyClone, Logan, UT, USA) supplemented with 10% fetal bovine serum (04-001-1A, BI, Israel) and 1% penicillin and streptomycin (10378016, Gibco, Waltham, MA, USA) at 37°C with 5% CO2. Temozolomide (TMZ) was purchased from Selleckchem (S1237, Berlin, Germany). Ras-selective lethal small molecule 3 (RSL3) and ferrostatin-1 (Fer-1) were purchased from APExBIO (B6095 for RSL3, A4371 for Fer-1, Houston, TX, USA). RSL3 and FER-1 were dissolved in DMSO under sterile conditions to storage concentration of 10 mM. Small interfering RNAs targeting MXRA8 and negative control siRNAs were synthesized by RiboBio (Guangzhou, China). As previously described (28), siRNAs were transfected into T98G and U251 cells for 48 h using Lipofectamine 3000 (L300015, Thermo Fisher Scientific, USA) according to the manufacturer’s protocol. To polarize M0 macrophages to M1, THP-1 cells (2.5 × 105) were plated into 6-well plate and incubated with 320 nM phorbol 12-myristate 13-acetate (PMA; HY-18739, MedChemExpress, Monmouth Junction, NJ, USA) at 37°C for 6 h. To polarize M2 macrophages, cells were then treated with M2-polarizing reagents IL-4 (20 ng/ml; HY-P70445, MedChemExpress, USA) plus IL-13 (20 ng/ml; 200-13-10UG, Peprotech, USA) and incubated at 37°C for 72 h.



CCK-8 Assays and IC50

T98G and U251 cells were seeded in 96-well plates (2 × 103 cells/well) after transfection with siRNAs for 24 h. Various concentrations of TMZ (0, 0.39, 1.58, 6.25, 25, 100, and 400 μM) were added into the medium for 48 h. On the day of analysis, CCK-8 assays were conducted to examine cell viability following the manufacturer’s protocols. In Brief, 10 μl CCK-8 test solution (B34304, Bimake, USA) was added into each well and incubated for 1 h. Optical density (OD) of the samples was detected at 450 nm using a VICTOR X2 microplate reader (PerkinElmer, USA). Variable slope was conducted to calculate IC50 values using the Graphpad Prism8.0 software [nonlinear regression; dose-response inhibition; log (inhibitor) vs. response-variable slope (4 parameters)].



Colony Formation Assay

The protocols used for the colony formation assay have been described previously (28). In brief, cells were transfected with siRNAs for 24 h and seeded in 6-well plates at a density of 1,000 cells per well. After incubating for 48 h, the cells were treated with different doses of TMZ. After incubation for approximately 14 days, colonies were stained with 0.3% w/v crystal violet/methanol for 20 min at room temperature.



Iron Assay

Ferrous iron concentration was analyzed in T98G and U251 cells using an iron colorimetric assay kit (ab83366, Abcam, Cambridge, MA, UUSA) according to the manufacturer’s protocol. Briefly, cells were digested by trypsin without EDTA and were lysed in acid assay buffer at a density of 1 × 106 cells per 1.5 ml tube. The samples were centrifuged at 14,000×g for 15 min to remove insoluble material. Ferene S was added to react with Fe2+, and a stable-colored complex was generated following the detection of absorbance at 593 nm by VICTOR X2 microplate reader (PerkinElmer, Waltham, MA, USA). The relative Fe2+ level was calculated as the ratio of concentration of all groups to concentration of siNC.



Malondialdehyde Determination

Malondialdehyde (MDA) lipid peroxidation assay (MAK085, Sigma, St. Louis, MO, USA) was used according to manufacturers’ instructions. In brief, cells were collected by trypsin and lysed at a density of 1 × 106 cells per 1.5 ml tube. Furthermore, lysis solution was reacted with thiobarbituric acid. Colorimetric assays were used to measure the absorbance at 532 nm by VICTOR X2 microplate reader (PerkinElmer, USA). The relative MDA level was calculated as the ratio of concentration of all groups to concentration of siNC.



Western Blot Analysis

Cells were collected and lysed with RIPA lysis buffer with protease inhibitor cocktails (B14012, Bimake, Houston, TX, USA) at a ratio of 100:1 (v/v). The 50-µg protein extracts were equally loaded on 10% or 12% SDS-PAGE and then transferred to PVDF membranes (0.22 µm: ISEQ00010; 0.45 µm: IPVH00010). Following blocking with 5% skimmed milk for 1 h at room temperature, then membranes were incubated with primary antibodies diluted in 5% bovine serum albumin (D620272, Sangon Biotech, Shanghai, China) overnight at 4°C. Primary antibodies including MXRA8 antibody (1:1,000; ab185444, Abcam), NCOA4 antibody (1:1,000; ab86707, Abcam), FTH1 antibody (1:1,000; 4393, Cell Signaling Technology, Danvers, MA, USA), and GAPDH (1:10,000; 60004-1-Ig, Proteintech, Rosemont, IL, USA). For detection, the membranes were visualized by Immobilon Western chemiluminescent reagents (WBKLS0500, Millipore, Burlington, MA, USA).



M2 Macrophage Infiltration Assays

The M2 macrophage infiltration assays were performed as previous described (21). In brief, 2.5 × 105 M2 macrophage cells were seeded without serum for 12 h in the upper chamber of a Transwell plate (size 8 mm, Corning, Corning, NY, USA), while 2.5 × 105 T98G and U251 glioma cells were incubated with10% FBS in bottom plate. After coincubation at 37°C for 24 h, the cells in the upper chamber were fixed in 4% formalin and stained with 0.3% crystal violet. The infiltrated M2 macrophage cells were counted in three randomly selected fields from each membrane.



Immunohistochemistry

The glioma and normal brain tissues were obtained from the Department of Pathology, Xiangya Hospital. The tissues were paraffin embedded and the immunohistochemistry (IHC) was performed as previously described (29, 30). In brief, IHC was conducted using a Histomouse SP Kit (959551; Invitrogen, Waltham, MA, USA). Paraffin sections were immunostained through a streptavidin peroxidase procedure after microwave antigen retrieval. The signal was detected using a 3,3′-diaminobenzidine solution. The antibodies against MXRA8 (1:100, ab185444) and CSF1R (1:100, ab183316) were all purchased from Abcam. Images of the sections were independently examined and differentially quantified by two pathologists. IHC intensity score was scored as 0 (negative), 1 (weak brown), 2 (moderate brown), or 3 (strong brown). The extent of staining was scored as 0 (≤10%), 1 (11%–25%), 2 (26%–50%), 3 (51%–75%), or 4 (>75%). The final staining score was determined by multiplication of intensity scores and extent score and was classified as weakly positive (1–3), positive (4–6), and strongly positive (7–12). All paraffin-embedded specimens were collected following the ethical standards of the human experimental committee.



Statistical Analysis

All experiments were conducted and repeated at least three times and were reported as the means ± SD. The differences between which were analyzed for significance using Student’s t-test for pairwise comparisons or ANOVA for multivariate analysis. Kaplan–Meier survival curves were estimated using the log-rank test to assess survival differences between groups. Data analysis was performed using GraphPad Prism 5 and SPSS 23.0. Differences were considered significant at *p < 0.05, **p < 0.01, and ***p < 0.001 for all tests.




Results


Identification of Prognostic-Related Gene MXRA8

The present study’s flow diagram is shown in Figure 1A. Two datasets from the GEO database (GSE147352 and GSE59612) were selected which have more than 50 samples. A total of 2,113 and 7,010 DEGs were identified between tumor and normal tissues, and 820 codifference genes were qualified for subsequent analysis (Figure 1B). Combined with the prognostic information, LASSON regression was then implemented to screen prognostic genes from the DEGs in the TCGA datasets. Finally, we found that 45 DEGs were significantly correlated with the OS of glioma patients (Figure 1C; Supplemental Table S1). Ferroptosis is an iron-dependent cell death with distinct properties and recognizing functions involved in cancers (31). The correlations between the 45 prognostic genes and 14 ferroptosis-related DEGs in the GEO dataset were analyzed in Figure 1D and Supplementary Figure S1. Interestingly, a receptor for multiple arthritogenic alphaviruses, MXRA8, which showed the highest correlation with ferroptosis may be involved in glioma progression and prognosis. GSE59612 and GSE147352 datasets respectively showed that expression of MXRA8 was significantly higher in gliomas than those in normal tissues (Figures 1E, F). Furthermore, to determine the prognostic effect of MXRA8, time-dependent ROC was applied to determine the prognostic values of the MXRA8-based risk scores. The AUCs for 3-, 5-, and 10-year overall survival predictions for the risk scores were 0.780, 0.772, and 0.754, respectively (Figure 1G). Patients from the TCGA dataset were stratified into two (high-risk and low-risk) groups. The survival curves revealed significantly favorable overall survival in all groups with lower-risk scores (p = 0.000) both in 3, 5, and 10 years (Figures 1H–J).




Figure 1 | MXRA8 was identified as a novel prognostic-related gene in glioma. (A) Flowchart presenting the process of identifying the gene and prognostic nomogram of glioma in this study. (B) Venn diagram to identify differentially expressed genes between glioma and normal brain tissue from the GEO database. The 404 overlapping genes were all upregulated in tumor tissue. The 416 overlapping genes were all downregulated in tumor tissue. (C) Prognostic genes were identified using the least absolute shrinkage and selection operator Cox regression model (LASSO). The generated coefficient distribution plots for the logarithmic (lambda) sequence for the selection of the best parameter (lambda). (D) Heatmap of the correlations between 35 upregulated prognostic genes and the 14 ferroptosis-related DEGs. (E, F) The expression of MXRA8 was compared between normal and GBM tissue in the GSE59612 (E) and GSE147352 (F) cohorts. (G) AUC of time-dependent ROC curves verified the prognostic performance of the risk score based on MARA8 in the TCGA cohort. Three-year survival (H), 5-year survival (I), and 10-year survival (J) curves for the OS of patients in the high-risk and low-risk groups in the TCGA cohort.





Validation of the Expression Level and Clinical Significance of MXRA8

To further validate the role of MXRA8 in the malignant progression of glioma, we analyzed its expression levels in the TCGA datasets from the GEPIA2.0 and UALCAN platform, respectively. As shown in Figure 2A, MXRA8 expression levels were higher in glioma than those in normal specimens. We also detected the expression of MXRA8 in different grades of glioma from two CGGA datasets (RNAseq_325 and RNAseq_693) and observed that MXRA8 was obviously elevated in high-grade glioma (Figure 2B). IDH mutation and 1p/19q codeletion are distinctive indicators in glioma, with a tendency of favorable prognosis (32). We then explored the association between MXRA8 expression and the status of IDH and 1p/19q. MXRA8 expression significantly increased in patients with wild-type IDH and noncodel 1p/19q (Figures 2C, D). Additionally, patients over 42 years old showed higher MXRA8 expression (Figure 2E). The lower expression of MXRA8 was correlated with better prognosis of gliomas (Figure 2F). Furthermore, the demographic characteristics of MXRA8 from the Xiantao tool were in satisfactory concordance with the above results (Table 1).




Figure 2 | Validation of the expression level and clinical significance of MXRA8. (A) Expression comparisons of MXRA8 between glioma and normal control from GEPIA2.0 and UALCAN platforms. The “asterisk” represents p < 0.01. (B–F) The correlation of MXRA8 expression level with WHO grade (B), IDH status (C), 1p/19q codeletion status (D), ages (E), and survivals (F) from the CGGA database.




Table 1 | The demographic characteristics of MXRA8 expression in glioma.





The Coexpression Network of MXRA8 in Glioma

In order to explore the biological functions of MXRA8 in glioma, we performed the coexpression pattern of MXRA8 screened from the TCGA-GBMLGG cohort by the LinkFinder module of LinkedOmics. Figures 3A, B shows the heatmaps of top 50 genes positively and negatively correlated with MXRA8, respectively. Additionally, we further performed GO and KEGG functional enrichment analyses to elaborate the potential biological roles of MXRA8 in GBM through the LinkInterpreter module. GO enrichment analysis mainly includes three parts: molecular function (MF), cellular component (CC), and biological process (BP). GO-MF enrichment analysis revealed that co-expression genes of MXRA8 mainly participated in extracellular matrix structural constituent, peptidase regulator activity, cytokine binding, antigen binding, immunoglobulin binding, etc. (Figure 3C). GO-CC analysis showed that these genes were significantly enriched in vesicle lumen, endoplasmic reticulum lumen, primary lysosome, ficolin-1-rich granule, vacuolar lumen, and so on (Figure 3D). GO-BP enrichment analysis suggested that these genes were significantly related to neutrophil-mediated immunity, granulocyte activation, interferon-gamma production, response to interferon-gamma, adaptive immune response, etc. (Figure 3E). KEGG pathway analysis indicated these genes were significantly related to inflammation and immune-associated signaling pathways, such as Staphylococcus aureus infection, autoimmune thyroid disease, leishmaniasis, intestinal immune network for IgA production, allograft rejection, etc. (Figure 3F). These findings suggested that MXRA8 might be involved in network of immunity-related functions in glioma.




Figure 3 | The co-expression network of MXRA8 in glioma. (A, B) Heatmaps of top 50 genes positively and negatively related to MXRA8. Red represents positively linked genes and blue represents negatively linked genes. (C–F) GO terms for molecular functions, cellular component, biological process, and KEGG pathways of MXRA8 by GSEA analyses.





Knockdown of MXRA8 Inhibits Proliferation and Enhances the Sensitivity of TMZ in Glioma

To further examine the biological effect of MXRA8 in glioma, we knocked down MXRA8 with two small interfering RNAs in T98G and U251 cell lines (Figure 4A). Cell growth was significantly decreased in siMXRA8 compared with siNC (Figure 4B). Likewise, in colony formation assays, cell proliferations were significantly inhibited after transfection of siMXRA8 in T98G and U251 cells (Figure 4C). Overcoming the resistance of TMZ has been a vital problem in glioma treatment (33). To confirm whether MXRA8 could influence TMZ sensitivity in glioma, T98G and U251 cells were transfected with MXRA8 siRNA or siNC, followed by temozolomide incubation. Upon knockdown of MXRA8, T98G and U251 cells both showed increased sensitivity to TMZ, which manifested as reduced cell proliferation rates and about a 6-fold inhibition in IC50 (Figure 4D). Similarly, MXRA8 reduction markedly decreased the colony formation rates of T98G and U251 cells after treatment of 200 and 100 μM TMZ, respectively (Figure 4E). Collectively, these results suggest that downregulation of MXRA8 improved the sensitivity of glioma to TMZ.




Figure 4 | Knockdown of MXRA8 inhibits proliferation and increased the sensitivity of TMZ of glioma. (A) After U251 and T98G cells were transfected with siMXRA8 or siNC for 48 h, the protein expression of MXRA8 was analyzed by Western blot assay. (B) T98G and U251 cell proliferation was examined after treating with siMXRA8 or siNC for 5 days. (C) The colony formation was analyzed in T98G and U251 cells after treating with siMXRA8 or siNC. (D) Cell viability assay was performed in U251 and T98G cells to evaluate cytotoxicity of TMZ after transfection of siMXRA8. (E) The colony formation assay was conducted to examine after incubation with TMZ in U251 and T98G cells transfected with siMXRA8 or siNC. **p < 0.01; ***p < 0.001.





The Role of MXRA8 in Ferroptosis Regulation of Glioma

The correlations between the 45 prognostic genes and 14 ferroptosis-related DEGs in the GEO dataset are shown in Figure 1D and Supplementary Figure S1. Pearson’s correlation coefficient indicated ferroptosis-related genes including DPP4, GCLM, HSPB1, NFE2L2, SAT1, STEAP3, and TFRC may be involved in MXRA8 function (Pearson’s r >0.5). To elucidate the molecular mechanism of MXRA8, the correlation between MXRA8 expression and ferroptosis markers, NCOA4 and FTH1 were performed using the two CGGA datasets (mRNA_seq 323 and 693). The expression of MXRA8 was positively associated with levels of NCOA4 and was negatively related to levels of FTH1. Also, the protein expression level of NCOA4 was increased in MXRA8 knockdown glioma cells, while FTH1 was reduced (Figures 5A, B). Ferroptosis is a process characterized by increased intracellular Fe2+ and lipid peroxidation, and the final product of lipid peroxidation is MDA. After MXRA8 knockdown, the intracellular Fe2+ and MDA levels were significantly increased by approximately 2-fold in T98G and U251 cells compared with controls (Figures 5C, D). To further understand the role of MXRA8 in cell proliferation and ferroptosis, Fer-1, a small molecule that serves as a ferroptosis inhibitor (34), was treated after MXRA8 knockdown. The results showed that Fer-1 could rescue the effects of cell growth inhibition induced by MXRA8 knockdown (Figure 5E). Moreover, Fer-1 reversed the increase of intracellular Fe2+ and MDA induced by downregulated MXRA8 (Figures 5F, G). Also, the protein expression of MXRA8 was reduced after treatment of ferroptosis agonist RSL3 (Figure 5H). Taken together, these data indicated that knockdown of MXRA8 could suppress cell survival and enable ferroptosis in glioma cells.




Figure 5 | MXRA8 regulates ferroptosis in glioma. (A) The correlation between expression of MXRA8 and ferroptosis-related proteins including NCOA4 and FTH1. (B) NCOA4 and FTH1 were examined by Western blot in U251 and T98G cells transfected with siNC or siMXRA8. (C, D) Fe2+ and MDA levels were detected in U251 and T98G cells transfected with siNC or siMXRA8. (E) Cell viability was measured in siNC- or siMXRA8-transfected cells after pretreatment with RSL3 (5 μM) and subsequent Fer-1 (20 μM). (F, G) Fe2+ and MDA levels detected in siNC- or siMXRA8-transfected cells pretreated with RSL3 (5 μM) and Fer-1 (20 μM) for 24 h, successively. (H) After treatment of 5 μM of RSL3 in U251 and T98G cells, Western blot assay were performed to examine the protein expression of MXRA8. *p < 0.05; **p < 0.01.





The Role of MXRA8 in Immune Mircoenviroment of Glioma

Increasing evidence has revealed the association between ferroptosis and immune microenvironment (35). Therefore, we further explored the role of MXRA8 in the immune microenvironment of glioma. The correlations between MXRA8 and various immune infiltration cells were analyzed by Xiantao tool using ssGSEA algorithm. Natural killer cells (NK), macrophages, and neutrophils were found to be positively correlated with MXRA8 in glioma (Figures 6A–D). Using TISIDB database, we further analyzed the associations between MXRA8 with immunoinhibitors. As shown in Figures 6E, F, indicated immunoinhibitors were found to have significant associations with the expression of MXRA8, while transforming growth factor beta 1 (TGFB1) showed the highest correlation coefficient. Moreover, Figures G–O shows the positive associations between MXRA8 expression levels and multiple immune checkpoint molecules, including PD-L1 and B7-H3. In addition, Figures 6P–R exhibits a positive correlation between MXRA8 and immune infiltration score in GSE59612, GSE147352, and TCGA glioma datasets. We further investigated the prognostic value of the immune infiltration score in the TCGA glioma dataset, and the results showed that patients with higher immune infiltration score had a poorer OS (Figure 6S). These results together indicated that MXRA8 might influence the prognosis of glioma patients through regulating the immune response.




Figure 6 | The role of MXRA8 in immune microenvironment of glioma. (A) Immune infiltration cells associated with MXRA8 using ssGESA algorithm from the TCGA database. (B–D) Validations of NK cells, macrophages, and neutrophils by the TISIDB database. (E–O) Associations of the MXRA8 expression with chemokines (E, F) and multiple immunoinhibitory molecules (G–O) from the TISIDB database. (P–R) The association between MXRA8 with immune score calculated by ESTIMATE algorithm, based on GSE59612, GSE147352, and TCGA glioma datasets. (S) The Kaplan–Meier curve of immune score on overall survival of TCGA glioma datasets.





The Effects of MXRA8 on M2 Macrophage Infiltration

The above results confirmed positive correlation between MXRA8 and macrophage infiltrations (Figures 6A, B) and cytokines (such as IL-10 and TGF-β1) that are involved in tumor-associated macrophage infiltration were highly consistent with expression of MXRA8. Through a correlation coefficient analysis performed in the GEO datasets (GSE59612 and GSE147352), we investigated the relationship between the expression of MXRA8 and the typical phenotype macrophage markers, including M (AIF1), M1 (IL12A, TNF, NOS2, PTGS2), and M2 (IL10, CCL163, TGFB1, CSF1R) (21) (Figure 7A; Table 2). The M2 macrophage markers CSF1R showed significantly positive correlation (cor_spearman >0.3, p < 0.05) with MXRA8 in both datasets. Using 10 paraffin-embedded specimens, IHC staining indicated the intensity of MXRA8 and CSF1R was stronger in GBM than normal. The staining intensity of macrophage M2 marker CSF1R was positively correlated with MXRA8 (Pearson’s r = 0.697, p = 0.025) (Figure 7B). To further investigate MXRA8 effect in ferroptosis and macrophage infiltration, THP-1 cells were differentiated into M2 macrophage, and U251 and T98G cells were treated with Fer-1 after knockdown of MXRA8. The results showed that downregulation of MXRA8 decreased the infiltration of M2 macrophage, while the reduced M2 macrophage infiltration generated by MXRA8 knockdown was rescued by Fer-1 treatment (Figure 7C).




Figure 7 | The effects of MXRA8 on M2 macrophage infiltration in vitro by mediating ferroptosis. (A) The correlation coefficient between MXRA8 and classical phenotype markers of macrophages in the GEO datasets. (B) The expression level of MXRA8 and a M2 macrophage phenotype marker (CSF1R) in GBM and normal brain specimens determined by IHC analysis. (C) Infiltration of M2 macrophages in transfected siNC or siMXRA8 cells (U251 and T98G) after pretreatment with RSL3 (5 μM) and subsequent Fer-1 (20 μM). ***p < 0.001.




Table 2 | The correlation coefficient analysis between MXRA8 and phenotype macrophage markers in the GEO datasets.






Discussion

In this work, we aimed to investigate critical and novel indicators for prognosis of glioma. Through GEO datasets and TCGA database, 45 DEGs were screened, as these genes were strongly associated with OS of glioma patients. Intriguingly, among the 45 DEGs, MXRA8 was screened as an indicator of poor prognosis with malignancy clinical characteristics of malignancy including IDH wild type and 1p/19q noncodeletion. Furthermore, we demonstrated that knockdown of MXRA8 inhibited cell proliferations in vitro and contributed to increasing sensitivity of glioma cells to TMZ. These data firstly provide a novel perspective of MXRA8 which could serve as a prognostic indicator in glioma.

Emerging evidence showed that ferroptosis could be triggered by several signal pathways and/or small molecular compounds in glioma. For instance, dihydroartemisinin was identified to trigger ferroptosis accompanied with ROS generation and lipid peroxidation (36). Furthermore, erastin could sensitize GBM cells to temozolomide by restraining SLC7A11 and cystathionine-γ-lyase function (37). This evidence suggests that targeting the pathway of ferroptosis could bring out the new strategies for glioma treatment. In our studies, we firstly found that downregulation of MXRA8 could induce ferroptosis by elevating the Fe2+ and MDA levels in glioma cells. Furthermore, we observed a significant correlation between MXRA8 expression and ferroptosis-related marker NCOA4 and FTH1 according to the CCGA datasets. NCOA4 is a selective cargo receptor for the selective autophagic turnover of ferritin in ferroptosis, while ferritin heavy polypeptide 1 (FTH1) is a subunit of ferritin. Since degradation of ferritin could elevate iron levels and generate cellular oxidative stress by the Fenton reaction (38), it has been proven that NCOA4 could bind up to FTH1 and thus deliver ferritin to the lysosome for degradation (39). In glioma, a study reported that NCOA4 caused degradation of ferritin and a subsequent increase in levels of Fe2+and ultimately ferroptosis (40). Likewise, our study also demonstrated that inhibition of MXRA8 increased the protein expression of NCOA4 and decreased FTH1 protein levels in glioma cells. These above results could help us further understand the potential role of MXRA8 in mediating ferroptosis.

Multiple studies have revealed that immunosuppressive microenvironment was a nature of glioma, which further inhibits antitumor immune responses (41). An amount of immune cells, chemokines, and checkpoints were recognized as biomarkers of immune evasion and tumor progression. Glioma-associated macrophages could secrete cytokines such as IL-10 and TGF-β, which decrease the activities of immune cells and promote tumorigenesis (42, 43). Glioma-associated neutrophil infiltration which promoted tumor growth and resistance to antiangiogenic therapies was considered an indicator of poor prognosis (44, 45). Moreover, glioma cells express increased levels of immunosuppressive factors such as PD-L1, TIGIT, CD96, and CTLA-4, which negatively regulate presentation of antigens and T-cell responses (46–48). Especially, expression of PD-L1 could respond to the presence of T-cell-generating cytokine interferon gamma and trigger reduction of T-cell killing capacity, which further caused adaptive immune resistance (49, 50). In the present study, the results showed MXRA8 might participate in neutrophil-related immunity, adaptive immune response, and cytokine binding. Furthermore, our studies revealed that MXRA8 expression was positively associated with levels of these immunoinhibitory factors involved in microenvironment of glioma. Additionally, immune infiltration score in the TCGA glioma datasets showed that patients with high immune infiltration had a tendency with upregulation of MXRA8, which couples with worse OS. These results altogether imply that the expression of MXRA8 might be parallel to immunosuppression and developed as a therapeutic target of immunotherapy in glioma.

The role of macrophages in tumor growth was complex in dependence on various factors and might be polarized to antitumor (M1) or protumor (M2) phenotypes (51). Targeting M2 macrophages in the glioma microenvironment could become an alternative therapeutic strategy. CSF1R-regulated signaling is crucial for the differentiation of M2 macrophage polarization in various cancers, and blockade of CSF1R could convert macrophage polarization and inhibit glioma progression (52, 53). In our study, we found that CSF1R was positively correlated with MXRA8 expression in GBM, which suggested that functional activity of MXRA8 might be related to regulation of M2 macrophages. Furthermore, several studies have reported that ferroptosis-related gene signature promotes tumor progression by influencing macrophage infiltration in various cancers (54, 55), but the biological roles of ferroptosis in glioma-associated macrophages were still unclear. Our present study firstly demonstrated that knockdown of MXRA8 could inhibit M2 macrophage migration to glioma cells through regulation of ferroptosis. These findings indicate that targeting MXRA8-related ferroptosis might become a promising strategy for immunotherapy.

From now on, the integration between ferroptosis and immunity environment remains unclear, especially in glioma. Our study uncovers the essential roles of MXRA8 in glioma progression and highlights the importance of MXRA8 in regulating ferroptosis and immune microenvironments. We identified that MXRA8 supersession could enable ferroptosis activation, and a hint of MXRA8 in regulation of immune microenvironment was provided. Therefore, our findings suggest that MXRA8 could be a promising prognostic biomarker in patients with glioma.
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The AlkB family of Fe (II) and α-ketoglutarate-dependent dioxygenases works by removing alkyl substituents from alkylation-damaged nucleic acid bases through oxidative dealkylation, subsequently affecting tumor progression and patient prognosis. However, the specific roles of the AlkB family in Glioblastoma remain to be elucidated. By taking advantage of the abundant bioinformatics databases, such as GEPIA2, cBioPortal and TIMER, we performed a comprehensive analysis of the AlkB family in GBM, and managed to identify the significant prognostic hallmarks and therapeutic targets within this family. We found that the expression levels of ALKBH2 and ALKBH8 were significantly up-regulated in GBM compared with normal tissues. Meanwhile, the patients with high levels of ALKBH2 and ALKBH8 possessed significant poor overall survival (OS). In addition, the results suggested that the biological function of the AlkB family was closely related to DNA damage repair, cell metabolism, cell proliferation and tumor immune infiltration in GBM. Furthermore, the high expression of ALKBH8 in GBM was verified by immunohistochemistry. Taken together, this study could provide meaningful information about the aberrant AlkB family associated with GBM initiation and progression, and help clinicians precisely predict patient survival and select alternative therapeutic drugs.
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Introduction

Glioblastoma (GBM) is the most common malignant primary tumor of the central nervous system, accounting for about 14.5% of all primary brain tumors and 48% of all malignant primary brain tumors (1). It has the characteristics of easy recurrence, high malignancy and poor prognosis (2, 3). In the United States, the average age-adjusted incidence of GBM is 3.21 per 100,000 population (1). GBM patients have a poor prognosis with a 5-year survival rate of 7.2% and a median survival of 8 months (1). The standard approach for GBM is maximal safe surgical resection followed by radiotherapy with concomitant temozolomide (TMZ, an alkylating agent) and a further 6 cycles of temozolomide (4). Even after the most effective treatment, the average survival time of GBM patients is only 14.5-16.6 months (5). The illustration of the molecular profile of GBM confers great significance to understand the occurrence and development of the disease. It was reported that patients with as isocitrate dehydrogenase 1 (IDH-1), IDH-2 mutation or MGMT methylation have relatively longer survival time (6, 7). However, we need to continue to depict the molecular features to combat this devastating disease.

The AlkB family of Fe (II) and α-ketoglutarate-dependent dioxygenases is a group of direct reversal DNA repair enzymes (8). The family of proteins works by removing alkyl substituents from alkylation-damaged nucleic acid bases through oxidative dealkylation (9, 10). So far, nine homologues (ALKBH1–8 and FTO) have been identified in human cells (11). The class of proteins possess a variety of biological functions, such as DNA repair, participating in the RNA metabolism, acting as demethylase or participating in fatty acid metabolism (12–14). And this family has been reported as prognostic biomarkers and therapeutic targets of different kinds of tumor, including head and neck cancer, ovarian serous carcinoma, lung adenocarcinoma, and colorectal cancer (15–18). In particular, ALKBH2 was discovered to play a significant role in TMZ and photodynamic therapy resistance in GBM (19, 20). However, the specific role of the AlkB family in GBM remains to be furtherly elucidated.

By taking advantage of the abundant bioinformatics databases (Table 1), we performed a comprehensive analysis of the AlkB family in GBM, and managed to identify the significant prognostic hallmarks and therapeutic targets within this family, which we believe could help clinicians precisely predict patient survival and select alternative therapeutic drugs.


Table 1 | The online databases applied to evaluate the expression and biological functions of AlkB family in GBM.





Materials and Methods


GEPIA2

GEPIA2 (Gene Expression Profiling Interactive Analysis, http://gepia2.cancer-pku.cn/#index) is a web resource based om tumor and normal samples from the TCGA and the GTEx databases, which provides differential gene expression profiling, correlation analysis, and patient survival analysis (21, 29). In this study, we utilized the “single gene analysis” module of GEPIA2 to compare mRNA expression differences between GBM and normal brain tissue. Student’s t test was used to generate p values for mRNA expression, and p < 0.05 was considered statistically significant.



UALCAN

UALCAN (http://ualcan.path.uab.edu/index.html) is a convenient, interactive web-portal to perform analyses of TCGA gene expression data, which provides analyses of relative expression of genes across tumor and normal samples, estimation of the effect of gene expression level and clinicopathologic features on patient survival, and identification of the top up and down regulated genes in individual cancer types (22). In this research, the expression levels of the AlkB family were obtained through the “TCGA Gene analysis” module of the website. Differences in mRNA expression were calculated by Student’s t test, and p < 0.05 was considered statistically significant.



The Human Protein Atlas

The Human Protein Atlas website (http://www.proteinatlas.org/) is an information database of protein expression patterns in normal human tissues and in cancer, which can identify clinically useful biomarkers by applying antibodies and protein expression data as tools (30). In this study, we obtained the protein expression profiles of the AlkB family members in normal brain and GBM tissues through this database.



PrognoScan

PrognoScan (http://dna00.bio.kyutech.ac.jp/PrognoScan/PrognoScan.html) is a database offering a tool for assessing the relationship between gene expression and tumor patient prognosis, which employs the minimum P-value approach for grouping patients so as to find the optimal cut point in continuous gene expression measurement (23). In our study, we utilized this useful database to evaluate the relationship between the AlkB family gene expression and GBM patient overall survival.



cBioPortal

The cBioPortal (cBio Cancer Genomics Portal, http://cbioportal.org) is a free resource for interactive exploration of multidimensional cancer genomics, through which we can get access to molecular profiles and clinical attributes from large-scale cancer genomics projects (24). In this study, we acquired the genetic alteration map of the AlkB family members in GBM tissues by searching this database.



STRING

The STRING (https://cn.string-db.org/) is an open-access database providing integration of all known and predicted protein-protein interactions (PPIs), including physical interactions and functional associations, by automated text mining of the scientific literature, databases of interaction experiments, computational interaction predictions and systematic transfers of interaction evidence from one organism to another (25, 31). In our study, we utilized this database to analyze the interaction of altered proteins in tumor samples with mutation of at least one gene of AlkB family.



Cytoscape

Cytoscape is an open software which can visually integrate biomolecular interaction networks with high-throughput expression data and other molecular states into a unified conceptual framework (32). In the study, we performed functional integration of 38 altered proteins in tumor samples with mutation of at least one gene of AlkB family.



WebGestalt

WebGestalt (WEB-based Gene SeT AnaLysis Toolkit, http://www.webgestalt.org/option.php) is a functional enrichment analysis web tool, which supports three methods for enrichment analysis, including Over-Representation Analysis (ORA), Gene Set Enrichment Analysis (GSEA), and Network Topology-based Analysis (NTA) (26). In our study, we performed Gene ontology (GO) enrichment analysis by applying the WebGestalt website.



TIMER

TIMER web server (https://cistrome.shinyapps.io/timer/) is a comprehensive resource for systematical analysis of immune infiltrates across diverse cancer types (27, 33). In this study, we utilized “gene module” to explore the correlation between AlkB family gene expression and abundance of immune infiltrates. And the “survival module” was applied to assess the association of clinical outcome with immune cell infiltration and the AlkB family gene expression. The multivariable cox proportional hazard model was used as the statistical method.



LinkedOmics

LinkedOmics (http://www.linkedomics.org/login.php) is publicly available website which includes multi-omics data from all 32 TCGA Cancer types and 10 Clinical Proteomics Tumor Analysis Consortium (CPTAC) cancer cohorts (28). In our study, we applied the “LinkFinder” module to explore the correlated significant genes of AlkB family genes, and the “LinkInterpreter” module to perform the GO pathway enrichment analysis based on the association results.



Immunohistochemistry

5 cases of normal brain and 20 cases of GBM formalin-fixed, paraffin-embedded (FFPE) tumor tissue blocks were submitted for immunohistochemistry (IHC). IHC was performed following standard protocols. The slides were dewaxed, boiled in 0.01 M citrate buffer (pH 6.0) for 30 minutes, and then incubated with 3% hydrogen peroxide for 15 minutes. After washing with PBS, the slides were incubated with 5% normal bovine serum albumin (BSA) for 1 hour, followed by incubation with rabbit polyclonal antibody recognizing ALKBH8 (A7142, 1: 100, ABclonal Technology, Wuhan, China) overnight. After incubating with secondary antibody, the slides were then incubated with 3,3′ diaminobenzidine (DAB) (PV-6000D, ZSGB-BIO, Beijing, China) for staining. The slides were then counterstained with hematoxylin, dehydrated, cleared, and mounted. The study was approved by the Ethics Committee of Xiangya Hospital (Ethics approval No. 202201015).



Statistical Analyses

ALKBH8 expression profile difference between normal brain and GBM tissues was analyzed using Wilcoxon rank testing. P-value < 0.05 was considered to be statistically significant.




Results


Aberrant Expression of AlkB Family Members in GBM Patients

We firstly searched the GEPIA2 database to explore the mRNA expression levels of the AlkB family (ALKBH1-8 and FTO) in GBM and normal brain tissue. The results revealed that the expression levels of ALKBH1/2/3/4/5/7/8/FTO were elevated, while the expression level of ALKBH6 was reduced compared with normal brain tissues (Figure 1A). We also utilized GEPIA2 to analyze the relative expression level of the AlkB family in GBM, and the result illustrated that ALKBH5/7/FTO had relatively higher expression levels among the family members (Figure 1B). Besides the GEPIA2 database, we applied UALCAN to explore the mRNA expression levels of the AlkB family in GBM and normal brain tissue. The results showed that the expression levels of ALKBH1/2/8 were significantly up-regulated and the expression levels of ALKBH5/6/FTO were significantly down-regulated in GBM compared with normal tissues (Figure 2A). After description of the mRNA expression levels of AlkB family, we applied the Human Protein Atlas to explore the protein expression levels of AlkB family in GBM. The results revealed that ALKBH2/4/7/8/FTO were highly or mediumly expressed, while ALKBH3/6 were lowly or not detected in GBM tissues (Figure 2B). Taken together, these results indicated the potential biological roles of up-regulated ALKBH2/8 in GBM pathogenesis.




Figure 1 | mRNA expression levels of the AlkB family members in GBM. (A) mRNA expression levels of the AlkB family members in GBM and normal brain tissues based on the GEPIA2 database. T and N indicated the tumor and normal tissues, respectively. (B) The relative mRNA expression levels of the AlkB family in GBM based on the GEPIA2 database. *p < 0.05.






Figure 2 | mRNA and protein expression levels of the AlkB family members in GBM. (A) mRNA expression levels of the AlkB family members in GBM and normal brain tissues by searching the UALCAN website. (B) Representative immunohistochemical staining of the AlkB family members in GBM and normal brain tissues based on the Human Protein Atlas database.





Prognostic Value of AlkB Family mRNA Expression in GBM Patients

We next managed to investigate whether the mRNA expression levels of AlkB family genes were associated with GBM patients’ survival. After searching the PrognoScan database, we found intriguingly that patients with higher transcription levels of ALKBH2 and ALKBH8 possessed significant shorter overall survival (OS) time based on the GEO GSE4271 dataset (34) (Figure 3). Conversely, patients with higher transcription level of FTO displayed significant longer OS time.




Figure 3 | Overall survival of GBM patients. The overall survival of GBM patients based on the AlkB family genes expression in GEO GSE4271 dataset.





Genetic Alterations and Functional Analysis of the AlkB Family in GBM Patients

To furtherly explore the biological function of AlkB Family in GBM, we first evaluated the genetic alterations of the AlkB family genes by searching the cBioPortal database. The results presented that the genetic alteration rates of ALKBH1-8/FTO in GBM tumor samples were 2.9%, 1.9%, 1.7%, 10%, 1.5%, 2.4%, 2.2%, 1% and 3%, respectively (Figure 4A). We also found that “mRNA high” was the most common alteration mode for most of the AlkB family members. After confirming the genetic alteration profiling of AlkB family in GBM, we explored the altered proteins and genes in GBM samples with mutation of at least one gene of AlkB family by utilizing the cBioPortal database, and identified 38 proteins (Supplementary Table 1) and 183 genes (Supplementary Table 2) most related to AlkB family genetic alterations. Then we conducted protein interaction analysis by applying the STRING website and Cytoscape software to depict the PPIs among these 38 altered proteins based on the corresponding nodes and combined scores (Supplementary Table 3). We found that a variety of proteins displayed the critical functions determining cell fate. Specifically, a series of DNA damage repair related proteins, including ATM, CHEK2 and MSH2, were closely associated with the functions of AlkB family in GBM. Moreover, we also identified other proteins playing pivotal roles in controlling metabolism and immunity (Figure 4B). After analyzing the altered proteins, we performed GO annotation and pathway enrichment analysis by applying the WebGestalt website based on the 183 altered genes. The GO annotation results suggested that the altered genes were mainly associated with biological regulation, response to stimulus and metabolic process. Regarding cellular components, the altered genes were mostly enriched in membrane and endomembrane system. In terms of molecular function categories, the altered genes were mostly related to protein binding, ion binding and nucleic acid binding (Figure 5A). The corresponding enriched GO pathways included leukocyte migration, extracellular structure organization and T cell activation (Figure 5B).




Figure 4 | Genetic alterations of the AlkB family genes and related PPIs. (A) The genetic alterations of the AlkB family genes in GBM by searching the cBioPortal database. (B) The PPIs among the altered proteins most related to AlkB family genetic alterations generated by applying the STRING website and Cytoscape software.






Figure 5 | GO annotation and pathway enrichment analysis of the altered genes. (A) GO annotation of altered genes related to the AlkB family genetic alterations including biological process, cellular component and molecular function categories by applying the WebGestalt website. (B) GO pathway enrichment analysis of the altered genes by applying the WebGestalt website.





Immune Cell Infiltration Based on the AlkB Family Gene Expression in GBM Patients

On account of the GO pathway enrichment results, we became interested in the correlation between AlkB family gene expression and abundance of immune infiltrates in GBM tissues. By searching the TIMER web server, we found that ALKBH1 expression level was positively correlated with CD8+ T cells, macrophages and neutrophils infiltration (Figure 6A). Regarding ALKBH2, its expression level was positively correlated with B cells and CD8+ T cells, and negatively correlated with CD4+ T cells, neutrophils and dendritic cells infiltration (Figure 6B). For ALKBH3, the only significant immune cells were macrophages, which was negatively correlated with the gene expression level (Figure 6C). Regarding ALKBH4, its expression level was positively correlated with CD8+ T cells, CD4+ T cells, macrophages and neutrophils (Figure 6D). For ALKBH5, its expression level was positively correlated with dendritic cells, and negatively correlated with B cells and CD8+ T cells infiltration (Figure 6E). Regarding ALKBH6, its expression level was not significantly tied to immune cell infiltration (Figure 6F). For ALKBH7, its expression level was positively correlated with B cells and CD8+ T cells, and negatively correlated with CD4+ T cells and dendritic cells infiltration (Figure 6G). Regarding ALKBH8, its expression level was not significantly related to immune cell infiltration (Figure 6H). For FTO, its expression level was positively correlated with CD8+ T cells, CD4+ T cells, macrophages and neutrophils, which suggested active anti-tumor microenvironment and might explain patients with higher transcription level of FTO possessed significant longer OS time (Figure 6I). After analyzing the correlation between AlkB family gene expression and immune infiltrates in GBM tissues, we furtherly assessed the association of clinical outcome with immune cell infiltration and the AlkB family gene expression by applying the multivariable Cox proportional hazard model. The results revealed that CD4+ T cells, dendritic cells and ALKBH4/6/8 were significantly associated with patient survival (Table 2).




Figure 6 | Correlation between the AlkB family gene expression and abundance of immune infiltrates in GBM. (A-I) The effect of ALKBH1 (A), ALKBH2 (B), ALKBH3 (C), ALKBH4 (D), ALKBH5 (E), ALKBH6 (F), ALKBH7 (G), ALKBH8 (H), and FTO (I) on the tumor immune cell infiltration analyzed by the TIMER database.




Table 2 | The association of clinical outcome of GBM patients with immune cell infiltration and the AlkB family gene expression by applying the multivariable Cox proportional hazard model from the TIMER database.





Correlated Significant Genes and Corresponding Enriched GO Pathways of ALKBH2/8

After identifying ALKBH2/8/FTO as significant prognostic biomarkers based on the mRNA expression levels, we proceeded to explore the correlated significant genes of ALKBH2/8, and to perform the GO pathway enrichment analysis based on the association results by taking advantage of the LinkedOmics website. The positively and negatively correlated significant genes were exhibited in Figures 7A, B. We noticed that the correlated genes consisted of DNA damage repair related genes such as NTHL1, PCNA and ERCC8, and cell metabolism related genes such as MRPS26, EIF5A and EEF1G, which was consistent with the previous results. Concerning the GO pathway enrichment results, we found that mRNA processing was positively correlated with the expression level of both ALKBH2 and ALKBH8, and immune response was negatively correlated with ALKBH2/8 expression level, which might partly explain the worse survival of GBM patients with higher transcription levels of ALKBH2/8 (Figures 8A, B). The high expression of ALKBH8 in GBM was verified by IHC.




Figure 7 | Correlated significant genes of ALKBH2/8 in GBM. (A, B) The positively and negatively correlated significant genes of ALKBH2 (A) and ALKBH8 (B) by taking advantage of the LinkedOmics website.






Figure 8 | GO pathway enrichment analysis based on the correlated genes of ALKBH2/8 in GBM. (A, B) The GO pathway enrichment results based on the correlated genes of ALKBH2 (A) and ALKBH8 (B) by taking advantage of the LinkedOmics website.



After analyzing the online databases, we performed the ALKBH8 staining in 5 normal brain tissues and 20 GBM tissues. The IHC results illustrated that ALKBH8 was highly expressed in GBM tissue compared with normal brain, which is consistent with the results obtained from the databases (Figures 9A, B).




Figure 9 | Representative IHC images and H-score of ALKBH8 protein expression in GBM and normal brain tissues. (A) Immunohistochemical staining for ALKBH8 in human GBM and normal brain tissues. The specific ALKBH8 signal is shown in brown (DAB staining). (B) The difference of ALKBH8 protein expression between GBM and normal brain was assessed by Wilcoxon rank testing. *p < 0.05.






Discussion

The AlkB family members possess a variety of important biological functions and play significant roles in the development of tumor including GBM. By generating the genetic alteration analysis and associated altered proteins interaction interpretation, we identified a series of DNA damage repair related proteins such as ATM and CHEK2, suggesting the critical role of this family played in GBM. As a DNA repair enzyme, ALKBH2 functions through removing alkyl substituents from alkylation-damaged nucleic acid bases. It was reported that ALKBH2 was abundantly expressed in GBM cell lines and human GBM tissues, and enhanced resistance to the alkylating agents TMZ (20). Another study suggested ALKBH2 expression was implicated in resistance to photodynamic therapy in U87 GBM cells (19). Though the potential roles of this family members in cancer are rapidly uncovered, the comprehensive function of this particular family in GBM has not been elucidated yet.

Besides the DNA damage repair related proteins, we also found mTOR and its downstream effector molecules such as EIF4E and RPS6 were closely related to the AlkB family genetic alterations. In eukaryotes, mTOR signaling pathway integrates both intracellular and extracellular signals and serves as a central regulator of cellular metabolism and survival (35, 36). Moreover, major DNA damage sensors such as ATM, ATR and DNA-PK communicate with the mTORC1 pathway to ensure an efficient response to the metabolic and genotoxic stresses (37). Beuvink et al. reported that mTOR inhibitor everolimus sensitizes tumor cells to DNA-damaged induced apoptosis (38). Another study suggested that m6A RNA modification catalyzed by enzymes including ALKBH5 and FTO had a fundamental role in the regulation of PI3K/Akt/mTOR signaling pathway in cancer (39). HT Zhu et al. revealed that ALKBH5 was upregulated and activated EGFR-PIK3CA-AKT-mTOR signaling pathway in epithelial ovarian cancer tissue (40). Yet, the crosstalk between AlkB family members and the metabolic pathways in GBM need to be furtherly elucidated.

Aberrant epigenetic landscapes largely affected tumor initiation and progression, and The AlkB family was continuingly studied within this aspect. DNA methylation is a critical epigenetic mark which plays a fundamental role in cancer. Xie et al. demonstrated that ALKBH1 was a critical demethylase for DNA N6-mA and regulated specific genetic pathways in GBM. Depletion of ALKBH1 could cause transcriptional silencing of oncogenic pathways through decreasing chromatin accessibility and inhibit tumor cell proliferation (41). Besides DNA modifications, RNA processing also plays major roles in cells and tumors. N6-Methyladenosine (m6A) is the most prevalent internal chemical modification of mRNAs in eukaryotes, which can affect the stability and translation efficiency of mRNA (42–44). Our results suggested that mRNA processing was positively correlated with the expression level of both ALKBH2 and ALKBH8 based on the GO pathway enrichment analysis. Zhang et al. revealed that ALKBH5, a m6A demethylase, was highly expressed in glioblastoma stem-like cells (GSCs) and demethylated FOXM1 nascent transcripts leading to enhanced FOXM1 expression. Their work suggested ALKBH5-FOXM1 pathway was critical for GSC proliferation and tumorigenesis, and uncovered the critical function of ALKBH5 in GBM (45). FTO is another frequently studied RNA m6A demethylase. Rui Su et al. reported that R-2HG displayed anti-tumor activity in leukemia and glioma through targeting FTO, leading to MYC mRNA decay and downregulation of MYC/CEBPA-associated oncogenic pathways (46).

Accumulating evidence suggests that the tumor immune microenvironment plays a critical role in anti-cancer immunity, which may affect patient prognosis and the effect of immunotherapy (47, 48). Our results suggested significant correlation between AlkB family gene expression and abundance of immune infiltrates in GBM tissues based on the TIMER website, and the corresponding enriched GO pathways included leukocyte migration and T cell activation associated with the family genes genetic alterations. In addition to the significant roles of RNA m6A modifications in tumor-intrinsic oncogenic pathways, increasing evidence supports that RNA m6A metabolism also functions in tumor immune regulation (49, 50). Li and his colleague reported that ALKBH5 modulated Mct4/Slc16a3 expression and lactate content of the tumor microenvironment and promoted the composition of tumor-infiltrating Treg and myeloid-derived suppressor cells in melanoma and colorectal cancer, thus leading to resistance to immunotherapy. And deletion of ALKBH5 sensitized tumors to cancer immunotherapy (51). Another study revealed that FTO expression level was increased in human melanoma and contributed to promoting melanoma tumorigenesis and anti-PD-1 resistance. Knockdown of FTO could sensitize melanoma cells to interferon gamma and anti-PD-1 treatment in mice (52). However, the relevance between AlkB family members and tumor immunity in GBM need to be furtherly explored.

We are aware of the limitations of this study. Firstly, the study mainly contains results from the public database, but is short of experimental verification. Though the expression of ALKBH8 in GBM was verified by IHC, more in vitro and in vivo experiments are needed to explore the biological function of this family in GBM. Secondly, the data sets used in different databases are inconsistent, and some contradictory data need to be further confirmed. Thirdly, we need further research to verify the therapeutic significance of AlkB family members in GBM patients.

In conclusion, by taking advantage of the abundant bioinformatics databases, we conducted this comprehensive analysis of the AlkB family in GBM for the first time, and managed to identify the value of evaluating patients’ prognosis based on the mRNA expression levels of ALKBH2/8/FTO. In addition, we revealed that the biological function of the AlkB family was closely related to DNA damage repair, cell metabolism, cell proliferation and tumor immune infiltration in GBM, which needed to be furtherly explored in the future. We believe that the existing results could help researchers discover novel mechanisms associated with GBM initiation and progression, and help clinicians precisely predict patient survival and select alternative therapeutic drugs.
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Gliomas are the most aggressive primary intracranial malignancies with poor overall survival. ITGA5 is one member of the integrin adhesion molecule family and is implicated in cancer metastasis and oncogenesis. However, few studies have explored the association between tumor immune microenvironment and ITGA5 expression level in gliomas. Firstly, we analyzed 3,047 glioma patient samples collected from the TCGA, the CGGA, and the GEO databases, proving that high ITGA5 expression positively related to aggressive clinicopathological features and poor survival in glioma patients. Then, based on the ITGA5 level, immunological characteristics and genomic alteration were explored through multiple algorithms. We observed that ITGA5 was involved in pivotal oncological pathways, immune-related processes, and distinct typical genomic alterations in gliomas. Notably, ITGA5 was found to engage in remolding glioma immune infiltration and immune microenvironment, manifested by higher immune cell infiltration when ITGA5 is highly expressed. We also demonstrated a strong correlation between ITGA5 and immune checkpoint molecules that may be beneficial from immune checkpoint blockade strategies. In addition, ITGA5 was found to be a robust and sensitive indicator for plenty of chemotherapy drugs through drug sensitivity prediction. Altogether, our comprehensive analyses deciphered the prognostic, immunological, and therapeutic value of ITGA5 in glioma, thus improving individual and precise therapy for combating gliomas.
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Introduction

A glioma is the most frequent central nervous system malignancy with an annual incidence of about 7 cases per 100,000 people (1). Glioma patients usually present neurological symptoms such as headache, pain, weakness, mood change, seizures, and loss of physical function and cognitive function. Despite the vast advancements of surgery, standard chemoradiotherapy, and adjuvant therapies, glioma patients are still confronted with fatal prognoses (2). It is intensively acknowledged that glioma is a highly heterogeneous tumor entity accompanied by multiple molecule characteristics, which could significantly impact clinical outcomes. For example, the status of O-6-methylguanine-DNA methyltransferase (MGMT) promoter methylation is a prognostic biomarker in glioma patients treated by temozolomide, but showing a minimal benefit for elderly patients (3). Nowadays, there is an urgent need to identify novel and reliable prognostic biomarkers to improve the clinical outcomes of glioma.

Glioma is an immunosuppressive tumor that encompasses a complicated tumor microenvironment (TME) comprising various cellular components, namely, glioma cells, stromal cells, and immune cells. The most abundant immune cells are tumor-associated macrophages (TAMs), which play an essential role in helping glioma proliferation, invasion, chemoradiotherapy resistance (4). Generally speaking, a glioma is a specific tumor type in that the blood–brain barrier (BBB) establishes a naturally occurring “immunologically privileged” site (5). Vaccine-based immunotherapy and immune checkpoint targeted therapy may only be effective for some subpopulations expressing specific genes (6, 7). The immunosuppressive TME dramatically reduces the effectiveness of immunotherapy (8). Thus, a thorough understanding of the unique immunological status in heterogeneous glioma TME will be essential for the clinical application of glioma immunotherapy.

Integrin subunit alpha 5 (ITGA5) encodes a protein belonging to the integrin alpha chain family, which plays a vital function in cell surface adhesion and signaling. ITGA5 has a deep connection with tumor invasion, tumor progression, and chemotherapy resistance (9, 10). ITGA5 was shown to be of prognostic use in non-small cell lung cancer (11) and breast cancer bone metastasis (12). The ITGA5 monoclonal antibody M200 could effectively reduce bone metastasis and blunt cancer-associated bone destruction (12). ITGA5 was regulated in glioma cells and mediated glioma cell dispersion and invasion by cell–matrix and cell–cell interactions (13). Meanwhile, ITGA5 orchestrated the process of proliferation inhibition induced by tocopherols of glioma cells (14). Therefore, ITGA5 is an important gene modifier in oncogenesis and tumor development. More importantly, emerging evidence also certified that ITGA5 could function as a determinant of immune cell infiltration and promising prognostic biomarkers in gastrointestinal tumors (15). Liu et al. also constructed an ITGA5-comprising risk model based on eight genes, which was strongly related to the immune infiltration patterns in breast cancer (16). These results supported the possibility that ITGA5 modulated the immune infiltration characteristics and showed great prognostic value in tumor patients.

Overall, given the pivotal role of ITGA5 in malignancies, we hypothesized that a comprehensive elucidation of the ITGA5-related multi-omics landscape, especially TME contexture, may favor the deeper understanding of the gliomas pathogenesis and progression. In this study, we comprehensively investigated the ITGA5 expression patterns in gliomas based on genomic and transcriptional profiles with complete clinical annotations. To get more insights, immunological characteristics, functional annotation, chemotherapeutic response prediction, and overall survival (OS) were analyzed to interpret the correlation between ITGA5 and glioma tumor immune microenvironment. Collectively, our comprehensive analyses deciphered the prognostic, immunological, and therapeutic value of ITGA5 in glioma management, thus providing a target for individual and precise therapy for combating gliomas.



Materials and Methods


Glioma Datasets and Preprocessing

The pan-cancer related data and the corresponding clinical information were downloaded and collected from The Cancer Genome Atlas (TCGA; https://xenabrowser.net/). Normal sample data were collected from the Genotype-Tissue Expression Project (GTEx; https://www.gtexportal.org). The glioma genomic information together with complete clinicopathological annotations was obtained from the TCGA, the Chinese Glioma Genome Atlas (CGGA; http://www.cgga.org.cn/), and the Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/). In total, 9,807 pan-cancer patients containing 33 cancer types, and 8,295 normal samples containing 31 kinds of normal tissues, were involved. In addition, the transcriptional profiles of 3,047 glioma patients were acquired from 11 cohorts containing greater than 50 patients and samples with inadequate OS information were excluded. Specific information of the patients and the corresponding platforms are presented in Table S1.

Affymetrix and Agilent platforms were utilized for generating the raw data derived from the GEO database. The robust multichip average (RMA) algorithm was utilized to achieve background correction and normalization. The TCGA and the CGGA data portals provided the RNA-sequencing data. The fragments per kilobase million (FPKM) values were transformed into transcripts per kilobase million (TPM) values that possessed similar signal intensity with the RMA-processed values (17).



Genomic Alteration

The somatic mutations and somatic copy number variation (CNV) profiles were gathered from the TCGA datasets. The Genomic Identification of Significant Targets in Cancer (GISTIC) analysis was performed to evaluate the genomic features. The CNV landscape based on ITGA5 levels and the copy number gains or losses at the amplified or deleted peaks were assessed by GISTIC 2.0 analysis (https://gatk.broadinstitute.org) (18).



Evaluation of the Immunological Characteristics of the TME

The intratumoral immune cell abundance, stromal cell infiltration levels, and tumor purity were estimated by The Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression (ESTIMATE) algorithm, and reflected by immune score, stromal score, and estimate score separately (19). The Tumor Immune Estimation Resource2.0 (TIMER2.0; http://timer.cistrome.org/) web server (20) was utilized for comprehensively analyzing the level of immune infiltrating cells in gliomas. The relative fraction of 10 types of immune cells in the tumor was estimated using the MCPcounter algorithm (21). The infiltration levels of 28 immune cells were presented by the enrichment scores based on corresponding signatures. The enrichment scores were calculated by the single sample gene set enrichment analysis (ssGSEA) implemented using the R gene set variation analysis (GSVA) package (22). The cancer immunity cycle reflected the anticancer immune response and comprises seven steps. The activities of these steps determined the fate of the tumor cells, which were evaluated the activities of these steps using the ssGSEA (23). The immune checkpoints, related to seven different immune processes, were retrieved from two prior literature (24, 25). The responses to immune checkpoint blockade immunotherapy in gliomas were extrapolated by the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm (26). The responses to anti-PD1 and anti-CTLA4 therapies in gliomas were evaluated by the submap algorithm.



Functional Annotation

All gene sets derived from the Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) were downloaded from the MSigDB database (27). Metabolism-relevant gene signatures were introduced previous study (28). Gene set enrichment analysis (GSEA) and GSVA based on ITGA5 transcriptional abundance were implemented by the clusterProfiler R package and GSVA R package (29).



Drug Response Prediction

The pharmacogenomic data sourced from the Genomics of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/) was used from predicting the drug susceptibility of included cases. The drug responses were performed as half-maximal inhibitory concentration (IC50) calculated by the pRRophetic R package.



Statistical Analysis

The survival of different groups was ascertained by Kaplan–Meier curves (KM curves) and compared using the log-rank test. We used the uni-Cox and multi-Cox regression analyses to test the independence of the prognostic factors and evaluate the hazard ratio. Pearson correlation and distance correlation analyses were used to calculate correlation coefficients. Contingency tables were analyzed by Fisher test. Based on the ITGA5 expression, patients were grouped as a high- or low-group. Most data visualizations were completed with the R ggplot2. OncoPrint delineating the mutation landscape was generated by the R maftools (30). All KM curves were implemented using the R survminer. Heatmaps were visualized based on complexHeatmap (31). All statistical analyses were conducted with R sv3.6.3 (https://www.r-project.org). P <0.05 was considered statistically significant.



Multiple Immunofluorescence (IF)

The gliomas chip was baked at 60°C for 60 min for deparaffinization, then the antigen was retrieved by EDTA retrieval buffer and blocked in 3% BSA. Next, the samples were permeabilized with 0.1% Triton X-100. The gliomas tissue microarray was incubated with the primary antibodies of ITGA5 (10569-1-AP, Rabbit, 1:200, Proteintech, China), CD68 (GB113150, Rabbit, 1:3,000, Servicebio, China), and CD163 (16646-1-AP, Rabbit, 1:3,000, Proteintech, China) separately, then followed by the incubation with secondary antibodies (GB23301, GB23303, Servicebio, China) and tyramide signal amplification (TSA) [FITC-TSA, CY3-TSA, and CY5-TSA (Servicebio, China)]. The antigen repair was applied repeatedly between the intervals of each dye. Subsequently, the microarray was incubated with 4’,6-Diamidino2-phenylindole dihydrochloride (DAPI). Microscopy detection was performed by the Pannoramic Scanner (3D HISTECH, Hungary).




Results


ITGA5 Expression Was Positively Related to Aggressive Clinicopathological and Molecular Features in Gliomas

Based on the TCGA and the GTEx, we firstly examined the ITGA5 transcriptional abundance in 33 tumor types. The malignancy-related overexpressed patterns of ITGA5 were identified in cholangiocarcinoma (CHOL), head and neck squamous cell carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), acute myeloid leukemia (LAML), liver hepatocellular carcinoma (LIHC), pancreatic adenocarcinoma (PAAD), testicular germ cell tumors (TGCT), especially, brain lower-grade glioma (LGG) and glioblastoma multiforme (GBM) (Figure 1A). In gliomas, the ITGA5 transcriptional levels increased with more adverse clinicopathological characteristics, namely, greater age at diagnosis, 1p/19q non-codeletion, higher grade, wild-type isocitrate dehydrogenase (IDH) status, unmethylated MGMT status, and mesenchymal subtype (Figure 1B). Moreover, the ITGA5 amplification in gliomas with high-grade or invasive molecular signatures was validated both in the TCGA and the CGGA cohorts (Figure 1C). These results prompted that the ITGA5 expression was enhanced with the progression of glioma.




Figure 1 | The clinical and molecular characteristics in associations with ITGA5 expression. (A) ITGA5 levels among pan-cancer samples grouped by cancer and normal status from TCGA and GTEx. (B) An overview of the association between known clinical and molecular features in TCGA, namely, status, age, gender, grade, IDH mutation, 1p/19q codeletion, MGMT methylation, and TP subtype. (C) The expression levels of ITGA5 in different WHO grades, IDH states and MGMT methylational states from the TCGA and the CGGA datasets. NS, not statistically significant, *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.





Elevated ITGA5 Levels Were Associated With Poor Survival of Glioma Patients

Next, we focused on the prognostic value of ITGA5 in a pan-cancer setting. The result of the Kaplan–Meier analysis demonstrated that ITGA5 was confirmed as a significant protective factor only in adrenocortical carcinoma (ACC). However, ITGA5 was identified as a mortality risk factor in a wide spectrum of cancer types, namely, bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), colon adenocarcinoma (COAD), HNSC, KIRC, kidney renal papillary cell carcinoma (KIRP), LIHC, lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), mesothelioma (MESO), ovarian serous cystadenocarcinoma (OV), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), uterine corpus endometrial carcinoma (UCEC), uveal melanoma (UVM), notably, LGG and GBM (Figure 2A). As expected, the adverse prognostic impacts of ITGA5 were obtained from 7 independent glioma sets from the GEO database (Figure 2B). Additionally, the uni-Cox and multi-Cox analyses indicated that ITGA5 was the independent indicator for the mortality in glioma patients (Figure 2C). Subsequently, the TCGA-based and the CGGA-based KM curves more firmly demonstrate the severe survival detriment in glioma patients with high ITGA5 expression (Figures 2D, E). The conspicuously impaired survival in high-ITGA5 groups was observed in 7 independent glioma sets from the GEO database as well (Figure S1). Moreover, the time-dependent receiver operating characteristic (ROC) curves of ITGA5 exhibited high sensitivity and specificity, which were demonstrated by the 1-, 2-, and 3-year all area under the curves (AUC) were greater than 0.842 in the TCGA gliomas dataset, and greater than 0.726 in the CGGA gliomas dataset, respectively (Figures 2F, G). In conclusion, the higher ITGA5 abundance was closely associated with a higher mortality hazard in glioma patients. Therefore, ITGA5 could be exploited as a powerful indicator of clinical outcomes in gliomas.




Figure 2 | The prognostic potential of ITGA5. (A) Univariate cox analysis of ITGA5 for overall survival of patients in the TCGA pan-cancer cohorts. (B) Univariate Cox analysis for overall survival of patients with gliomas based on the GEO datasets. (C) The forest plot of univariate and multivariate cox proportional hazard ratios for ITGA5 based on the TCGA dataset. (D) Kaplan–Meier curves for high and low ITGA5 level groups in the TCGA. (E) Kaplan–Meier curves for high and low ITGA5 level groups in the CGGA. (F) The time-dependent receiver operating characteristic curve of ITGA5 from the TCGA. (G) The time-dependent receiver operating characteristic curve of ITGA5 from the CGGA.





ITGA5 Was Involved in the Oncogenic Process and Immune Regulation in Gliomas

To explore the potential pathological function of ITGA5, the GSVA analysis was performed in the TCGA gliomas cohort. The results revealed that ITGA5 contributed to the aberrant activities of several pivotal pro-oncogenic behaviors, such as focal adhesion, glycolysis gluconeogenesis, Janus kinase (JAK)/signal transducer, and activator of transcription (STAT) signaling pathway, P53 signaling pathway, and the proteasome. Besides, the amplification of ITGA5 also potentiated a plethora of immune-related processes, namely, interleukin-4-(IL-4) mediated signaling pathway, macrophage fusion, negative regulation of macrophage apoptotic process, positive regulation of macrophage differentiation, and positive regulation of regulatory T cell differentiation (Figure 3A). It was worth emphasizing that the modulation of ITGA5 of these pathophysiological activities, especially focal adhesion, was highly prevalent across multiple cancers (Figure 3B). The GSEA analysis reaffirmed the crucial role of ITGA5 in carcinogenesis and shaping tumor immune microenvironment, nicely exemplified by priming the regulation of T cell proliferation, regulation of macrophage chemotaxis, response to interferon-beta, apoptosis, antigen processing and presentation, natural killer cell-mediated cytotoxicity (Figure 3C). Overall, the high expression of ITGA5 supplied a fertile niche favoring glioma progression by activating oncological signaling pathways and immune reprogramming.




Figure 3 | The functional annotation based on ITGA5 expression. (A) The heatmap for gene set variation analysis of the ITGA5 from the TCGA. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. (B) The heatmap showing the relationship between the above pathways and ITGA5 in the TCGA pan-cancer cohorts. (C) GSEA plots for several signaling pathways positively regulated by ITGA5.





ITGA5 Expression Was Relevant to Distinct Genomic Alterations

Genomic instability contributes to multiple steps of the gliomas progressive trajectory. To explore the underlying genetic regulation role of ITAG5, the CNV and somatic mutation analyses were taken in the TCGA glioma dataset to present the ITGA5-based genomic landscapes. The global CNV profile revealed that the amplification in the high-ITGA5 group was concentrated on chr 7 and chr 12, specifically, 7p11.2 and 12q14.1, and the deletion concentrated on chr9, specifically, 9p21.2 and 9p21.3. In the low-ITGA5 group, it was indicated that chr 12 gain, chr 2 loss, chr 10 loss, and chr 11 loss, and the amplification was mainly found on 12p13.32, the deletion was mainly focused on 2q37.1, 2q37.3,10q26.3, and 11p15.5 (Figure 4A, Figure S2A). The detailed amplificated or deleted CNV oncoplots are presented in Figure S2B. The global views of mutational distribution showed that cellular tumor antigen p53 (TP53) mutation was enriched in both the high-ITGA5 group and the low-ITGA5 group (38 and 47%, respectively) (Figure 4B). Besides, isocitrate dehydrogenase [NADP] cytoplasmic (IDH1) mutation was generally presented in the low-ITGA5 group as 88% and was partially observed in the high-ITGA5 groups as 32%. The three followed most frequently mutated genes were titin (TTN) (22%), epidermal growth factor receptor (EGFR) (20%), and phosphatase and tensin homolog (PTEN) (20%) in the high-ITGA5 group, and was alpha-thalassemia/mental retardation syndrome x-linked chromatin remodeler (ATRX) (33%), capicua transcriptional repressor (CIC) (26%) and far upstream element binding protein (FUBP1) (10%) in the low-ITGA5 group (Figure 4B).




Figure 4 | ITGA5-associated genomic alterations in gliomas samples. (A) Main copy-number changes in gliomas with high and low ITGA5 expression. (B) Somatic mutations detected in gliomas with high and low ITGA5 expression.



Furthermore, the ratio of mutation frequencies between high-ITGA5 and low-ITGA5 groups was performed by Fisher’s exact test and ranked by increasing p-value. The high-ITGA5 group beard extremely lower IDH1 and CIC mutation load, higher PTEN, EGFR, and NF1 mutation load than the low-ITGA5 group (Figure S3A). Additionally, the co-concurrent or mutually exclusive mutations of the 25 most frequently mutated genes are shown in Figure S3B. The high-ITGA5 groups showed markedly more numerous co-concurrent genetic alterations than the low-ITGA5 group. The EGFR mutation frequently cooccurred with collagen type VI alpha 3 chain (COL6A3) mutation in the high-ITGA5 group. Other intimate mutation sites included obscurin (OBSCN) and COL6A3, IDH1 and TP53, ATRX, and TP53. In the low-ITGA5 group, the common co-mutation included NOTCH1 and CIC, IDH1 and ATRX, and so on. Meanwhile, some intensive mutually exclusive pairs of gene alteration were identified, such as IDH1-PTEN and TP53-EGFR in the high-ITGA5 group, and IDH1-EGFR and IDH1-IDH2 in the low-ITGA5 group (Figure S3B).



ITGA5 Was Correlated With Tumor Immune Microenvironment in Gliomas

Metabolism has been well-established as a determinant in the viability and efficacy of immune cells (32). Then, the physiopathological impact of ITGA5 in the metabolic programming and cancer immunity cycle progressions was evaluated by GSVA analysis. Based on the TCGA dataset, ITGA5 was positively correlated with glycogen biosynthesis, cyclooxygenase arachidonic acid metabolism, and drug metabolism by other enzymes (Figure 5A). Another noteworthy observation was that ITGA5 exerted a pleiotropic effect in most steps of the immune cascade (Figure 5A). Considering that immune cells were the essential constituents of the TME, the immune infiltration characteristics were identified by the ESTIMATE, the MCP counter, the ssGSEA, and the TIMER algorithms of the TCGA datasets (Figure 5B). Notably, the ITGA5 expression showed a particularly positive correlation with the stromal score, immune score, ESTIMATE score, and tumor purity. Besides, ITGA5 expression was associated with the high intratumoral infiltration of various immune cells, namely, macrophages, natural killer cells, CD8+ T cells, and regulatory T cells (Tregs). Then, we further explored the relationship between macrophage infiltration and ITGA5 from the ssGSEA and the TIMER (Figures 5C, D).




Figure 5 | Roles of ITGA5 in immune and metabolism phenotypes in the TCGA cohort. (A) Correlations between ITGA5 and enrichment scores of metabolism-relevant pathways together with the steps of the cancer immune cascades. (B) Heatmap visualized the abundance of infiltrating immune cell populations with different ITGA5 levels, based on the ESTIMATE, the MCPcounter, the ssGSEA, and the TIMER algorithms. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. (C) The corrplot of the correlation between ITGA5 expression and macrophage cell level of the ssGSEA. (D) The corrplot of the correlation between ITGA5 expression and macrophage cell level of the TIMER.





High-ITGA5 Group in Gliomas Exhibited Greater M2 Macrophage Infiltration

To confirm the positive correlations between ITGA5 and macrophages identified from transcriptomic analyses, the multiple IF was performed on the human glioma tissue microassay. Staining for CD68 (the pan-macrophage marker) revealed that there was more diffuse intra-tumoral macrophage infiltration in the high-ITGA5 group than in the low-ITGA5 group (Figure 6). Of more concern was that the high-ITGA5 group displayed a higher M2-macrophage abundance, which was prompted by CD163 (the M2-macrophage marker) fluorescence distribution (Figure 6).




Figure 6 | The multiple immunofluorescence staining of ITGA5, CD68, and CD163 in gliomas.





The Potential Immunotherapeutic and Chemotherapeutic Targets in Glioma Patients With High ITGA5 Expression

Given that immune checkpoints are the underpinnings of immune therapy, the global views of immune-checkpoints expressions would be of great clinical interest. Then the correlation analysis was performed between ITGA5 and multiple putative immune checkpoint molecules involving antigen presentation, cell adhesion, co-inhibition or co-stimulation, and ligand-receptor interaction. The results exhibited an intimate connection between ITGA5 and most immune checkpoint molecules in gliomas, especially in programmed cell death 1 (PD-1), programmed cell death 1 ligand 1 (PD-L1), and cytotoxic T-lymphocyte associated protein 4 (CTLA-4) (Figure 7A). Besides, additional validation of the intimate connection of ITGA5 and immune checkpoints was performed in the pan-cancer set (Figure S4). These data collectively suggested that ITGA5 inhibition may work synergistically with existing immunotherapy strategies and enhance anti-glioma activity. We further explored the relationship between ITGA5 and some immune checkpoints, such as PDCD1 (PD-1), CD274 (PD-L1), and PDCD1LG2 (PD-L2) in gliomas based on the TCGA dataset (Figure S5C).




Figure 7 | The potential ITGA5-involved immune checkpoints treatment and chemotherapeutic targets in gliomas. (A) Correlations between ITGA5 and seven types of immune checkpoints levels in gliomas. *P <0.05, **P <0.01, ***P <0.001, ****P <0.0001. (B) The box plots of the estimated IC50 for several chemotherapeutic drugs among high-ITGA5 and low-ITGA5 groups.



To further evaluate the sensitivity of ITGA5 to immunotherapy, we applied the TIDE and the submap algorithms to glioma patients in the TCGA. By TIDE, we found that patients with high ITGA5 showed better immunotherapy response compared to patients with low ITGA5 (Figure S5A). The results of the submap showed that the high- and low-ITGA5 groups had different responses to immunotherapy in that the high-ITGA5 group had a significant response to anti-PD-1 immunotherapy in gliomas based on the TCGA (Figure S5B).

There has been a regrettable case that conventional chemotherapy with temozolomide provides modest benefit for the survival of gliomas patients, which may impute to the impaired drug permeability owing to the BBB, the particular immune contexture in the central nervous system, or the extreme heterogeneity of gliomas. Thus, the GDSC database was adopted to assess the drug response of high-ITGA5 and low-ITGA5 glioma groups, and the predictive accuracy was measured by 10-fold cross-validation. The results demonstrated that high-ITGA5 groups exhibited significantly lower IC50 of Bexarotene, Bicalutamide, Bortezomib, Bryostatin-1, Cytarabine, Luminespib, Midostaurin, Selumetinib than the low-ITGA5 group (Figure 7B). The therapeutic efficacy of the above-nominated pharmacological methods deserved further investigation.




Discussion

Glioma has a lethal ending with limited treatment methods, the highest grade of which has an OS of about 15 months (33). The heterogeneity and complicated immunosuppressive TME are the main obstacles for glioma patients with optimal outcomes. The systematical application of novel excavated biomarkers will be conductive to glioma management in combination with conventional diagnostic and therapeutic strategies. In the present study, by comprehensive bioinformatic analysis, we identified that ITGA5 was positively related to aggressive clinicopathological and molecular features in gliomas. Elevated ITGA5 level was tightly linked to the survival detriment of gliomas patients. Moreover, ITGA5 was relevant to distinct genomic alterations and tumor immune microenvironment in gliomas. ITGA5 could be a therapeutic indicator of checkpoint inhibitors as well. Finally, the glioma patients with higher expression of ITGA5 may present better outcomes of chemotherapy treatment, namely, bexarotene, bicalutamide, and bortezomib, which provided more therapeutic choices in the future.

ITGA5 is also known as interferon α5 belonging to the integrin alpha chain family, which plays a pivotal role in cell surface adhesion. Biologically, interferon α subunits have a small cytoplasmic tail, a relatively large extracellular domain, and a transmembrane domain. In pathological settings, integrin demonstrated a remarkable oncogenic potency in tumor progression. The extracellular domain acts as the cell receptor for growth factors and adhesion proteins from the TME (34). The cytoplasmic tail is a link to the cell cytoskeleton and cellular signaling cascade like focal adhesion kinase (FAK)-Src signaling (34). The FAK-Src signaling regulated by integrin allows downstream activation of several signaling pathways, namely, the Mitogen-Activated Protein Kinase (MAPK)/Extracellular Regulated Kinase (Erk) signaling pathway, phosphatidylinositol 3-kinase (PI3-K)/Protein kinase B (Akt) signaling pathway, Stress-Activated MAP Kinases (SAPKs) signaling, and c-Jun N-terminal kinase (JNK) activation (35). The activation of PI3K/Akt is the key regulator of induction of tumor metastasis through the engagement of extracellular matrix ligand (36). MAPK/Erk pathways are highly related to tumor progression, survival, and proliferation (37). In our results, ITGA5 was found to mediate lots of different oncological and immune pathways such as glycolysis gluconeogenesis, JAK/STAT signaling pathway, P53 signaling pathway, antigen processing pathway, and immune cell activation pathway. The dysregulated metabolism of the tumor and immune cells in TME is recognized as a key contributor to tumor progression. Our results prompted that ITGA5 may perturb the biochemical homeostasis in TME by not only oncogenic pathway but also immune and metabolic reprogramming, which was partially consistent with the previous oncological studies.

Genomic alteration is one of the fundamental factors for diagnosis, classification, treatment, and prognosis in gliomas. The typical biomarkers of genomic alteration are routinely tested in clinical practice, namely, IDH mutant, MGMT promoter methylation, PTEN mutation, ATRX mutation, and TERT promoter mutation (38). Surprisingly, although patients underwent the systematic diagnosis and treatment depending on the WHO classification, the prognosis varies differently, strongly implying that the current diagnosis system is not fully appropriate for the survival predictions or the reflection of glioma heterogeneity. Chen reported a phenomenon that the ITGA5 downregulation could inhibit the glioma proliferation, which could be rescued by circPTN (39). Moreover, Kita also confirmed that ITGA5, which was upregulated by Ets-1, could be secreted by glioma cells to boost tumor migration and invasion, finally contributing to glioma malignancy (40). Consistently, our results also revealed that ITGA5 might be an oncogenic factor, presuming that the high ITGA5 expression possibly indicated a low survival rate in glioma patients. In the other aspect, our genomic alterations analysis results showed that ITGA5 was associated with poor mutation, namely, P53 mutation, ATRX mutation, and PTEN mutation. Especially, the high expression of ITGA5 had relatively lower IDH mutations. IDH mutation is a classic prognostic indicator in judging glioma, and there is a certain negative correlation between ITGA5 expression level and IDH mutation level.

A glioma has a different immunosuppressive “cold” tumor environment affecting the effectiveness of immunotherapy (41). TAMs are the most abundant infiltration immune cells in brain cancer validated from high-dimensional single-cell profiling and other methods (42). TAMs contribute to tumor immunosuppressive environments and potentially mediate tumor-induced polarization states, promoting tumor malignancy, and therapeutic resistance to irradiation (43). In our results, from the ssGSEA and the TIMER analyses, ITGA5 was positively correlated with TAMs, possibly resulting in a worse survival rate. Furthermore, it also found that upregulated ITGA5 significantly increased the quantities of multiple immune cells, namely, dendritic cells, natural killer cells, CD8+ T cells, neutrophils, activated CD4+ T cells, central memory T cells, Tregs, and myeloid-derived suppressor cells. Among these cells, immunosuppressive cells such as Tregs and myeloid-derived suppressor cells were increased more significantly with the increase of ITGA5 expression, suggesting that ITGA5 was essential in the formation of glioma immunosuppressive microenvironment (44). It is well-documented that the immune checkpoint targeted therapy in glioma patients remains challenging because of the immunosuppressive state (6). Besides, we also proved that high-ITGA5 gliomas were accompanied by high immunotherapy biomarker expression, namely, PD-1, PD-L1, CTLA-4, and VEGF, thus showing an ITGA5-targeted therapeutic potential to be synergistic with immunotherapy. Therefore, our results presented that the high ITGA5 expression patients seem to have a relative “hot” immune environment that might be beneficial to immune therapy.

Up to now, there are emerging studies devoted to developing novel and effective strategies to address the deficiencies of anti-glioma treatment. EGFR has been the target of treatment in glioma patients (45) both in a highly selective pan-human EGFR inhibitor or immunotherapies (46). Interestingly, ITGA5 depletion delayed gefitinib-mediated EGFR endocytosis, which makes EGFR target therapy more sensitive (47). In addition, the inhibitor of ITGA5 attenuates glioma growth (48) and cell dispersion (13). In our results, we found that patients with high expression of ITGA5 had low IC50 of Bexarotene, Bicalutamide, Bortezomib, Bryostatin-1, Cytarabine, Luminespib, Midostaurin, and Selumetinib. This result emphasized that the high ITGA5 expression was a robust and reliable indicator for the therapeutic sensitivity of these potential molecular drugs. The biosafety and biocompatibility of these drugs in clinical trials have been successfully experimentally validated. Among them, it was noted that some drugs, represented by Bexarotene, Bryostatin-1, Cytarabine, and Pazopanib, possess the excellent capability of crossing BBB to locally exert a targeted effect. This might provide a pivotal clue for guiding glioma drug treatment.

However, there are still some limitations. In the first place, since this study data analysis are mainly from the open-access online databases, additional external verification of clinical datasets would be beneficial. Secondly, because this is a retrospective study, and prospective clinical studies in large-cohorts should be applied to verify in the future. Thirdly, there is a relatively poor investigation of the mechanism of ITGA5 and its role in interfering with the immune system. Thus more comprehensive studies are needed to further interpret the role of ITGA5 in gliomas immunology.



Conclusion

In summary, our findings demonstrated that ITGA5 is upregulated in glioma and differs in multiple molecular phenotypic gliomas, acting as a potential biomarker for predicting glioma prognosis. It is particularly noteworthy that ITGA5 is involved in remolding glioma immune infiltration and TME that is closely related to immunotherapy. High expression of ITGA5 may benefit immune checkpoint targeted therapy and chemotherapy. Further studies exploring the role and mechanism of ITGA5 will endow great potential for the development of diagnostic and anti-glioma therapeutic strategies.
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Glioma is the most lethal primary brain tumor with a poor prognosis and high recurrence rate. Enormous efforts have been made to find therapeutic targets for gliomas. In the current study, we identified m5C-related lncRNAs through Pearson correlation analysis by the criteria |R|>0.5 and p<0.001 in TCGA LGG and CGGA325 datasets. We then established an eight-lncRNA m5C-related prognostic signature (m5C LPS) through lasso cox regression analysis and multivariate analysis. The performance of the signature was confirmed in the CGGA325 dataset and evaluated in differential subgroups divided by relevant clinicopathological characteristics. Patients were then divided into high and low risk groups using risk scores calculated with the signature. Next, we performed GO, KEGG and gene set enrichment analysis (GSEA) and identified the m5C LPS to be related with glioma microenvironment, immune response, EMT, cell cycle, and hypoxia. Correlation of the risk groups with immune cell infiltration, somatic mutation, and CNVs was then explored. Responses to immuno- and chemotherapies in different risk groups were evaluated using submap and pRRophetic R packages respectively. The high-risk group was more sensitive to anti-CTLA4 therapy and to compounds including Temozolomide, Bleomycin, Cisplatin, Cyclopamine, A.443654 (Akt inhibitor), AZD6482 (PI3K inhibitor), GDC0941(PI3K inhibitor), and metformin. We present for the first time a m5C-related lncRNA signature for lower grade glioma patient prognosis and therapy response prediction with validated performance, providing a promising target for future research.
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Introduction

Glioma is the most common type of primary malignant tumor in the central nervous system with a poor prognosis and a high recurrence rate. Lower grade glioma (LGG) refers to a subtype of glioma with WHO grade II or III that presents a less invasive nature and generally better prognosis. Even with surgical resection, chemotherapy and radiotherapy, a large portion of this heterogeneous group of tumors will evolve into high grade glioblastomas. Efforts have been made in developing novel treatment strategies and effective biomarkers for individualized glioma therapy (1). Current biomarkers for disease stratification and individualized treatment include IDH1 mutation, 1p/19q codeletion, MGMT promoter methylation, TP53 and TERT promoter mutation.

RNA modifications regulate multiple cellular processes under biological and pathological conditions. 5-methylcytosine (m5C) is one of the modes of RNA modification mainly accumulating in the vicinity of the 3’UTR, 5’UTR, and near the binding site of Argonaute (2). It confers conserved, tissue-specific and dynamic transcriptional regulation effects including structural stability and metabolism of RNA, tRNA recognition, and stress response (3). m5C modifications are catalyzed by the NSUN family proteins including NSUN1-7 and DNA methyltransferase homologue DNMT2 (4), DNMT1, DNMT3A, and DNMT3B. The m5C RNA methyltransferases display different cellular functions. NSUN1 and NSUN5 modify cytoplasmic ribosomal RNAs; NSUN2, NSUN6 and DNMT2 methylate cytoplasmic transfer RNAs; NSUN3 and NSUN4 install m5C in mitochondrial RNAs (5). Aly/REF export factor ALYREF is reported to be a m5C binding protein facilitating the export of m5C modified mRNAs (6). Depletion of this ‘reader’ protein leads to retention of m5C methylated mRNAs. Another reader of m5C modifications is YBX1 which maintains the stability of target mRNA (7). Aberrant m5C RNA modification is implicated in multiple diseases including cancer (8). Bioinformatics analyses have implicated m5C regulators in prognosis for lung adenocarcinoma (9), hepatocellular carcinoma (10), glioma (7), and others.

Long non-coding RNAs (lncRNAs) are a subgroup of RNAs with over 200 nucleotides that exert non-coding functions. LncRNAs are ideal potential biomarkers for their specificity of expression in different tissues. Furthermore, lncRNAs exert tumorigenic or metastatic effects through different mechanisms including epigenetic modification, post-transcriptional modification, RNA decay or scaffold, and cis-regulation (11). Dysregulation of lncRNAs has been reported to play important roles in glioma genesis. The expression of lncRNAs such as H19, HOXA11-AS, MALAT1, and CRNDE are positively correlated with glioma. MEG3 is highly expressed in normal brain tissue while downregulated in glioma (12). HOXA11-AS is a cell cycle-related lncRNA and a biomarker for glioma prognosis. MALAT1 is reported to be glioma suppressive through attenuating ERK/MAPK-mediated growth and MMP2 mediated invasiveness (13). An NSUN2 methylated lncRNA, NMR, is highly expressed in esophageal squamous cell carcinoma and promotes tumor cell migration and invasion (14). NSUN2 is also reported to target lncRNA H19 and increase its stability through m5C modification. The m5C-modified lncRNA H19 can then be bound to an oncoprotein leading to Myc accumulation, thus exerting oncogenic effects (15). However, there are few studies on the relationship of m5C-related lncRNAs and glioma.

In the current study, we identified eight m5C-related lncRNAs using Pearson correlation analysis and established a m5C related lncRNA prognostic signature (m5C LPS). Performance of the m5C LPS was confirmed in the CGGA325 dataset and evaluated in subgroups divided by several clinicopathological characteristics. Patients were then divided into high and low risk groups using risk scores calculated with the signature. We performed GO, KEGG and gene set enrichment analysis (GSEA) and found that m5C related lncRNAs were related with glioma microenvironment, immune response, EMT, cell cycle, and hypoxia. Correlations of the risk groups with immune cell infiltration, somatic mutation, and copy number variations (CNV) were then explored. Deletions on Chr 9p, 10, 13q and 14q and amplifications on Chr 7, 19, 20 were observed mainly in the high-risk group. CDKN2B, PTEN, EGFR, and IGF2R showed higher CNV rates in the high-risk group. Responses to immunological therapies and chemotherapeutics in different risk groups were evaluated. The high-risk group was found to be more responsive to anti-CTLA4 therapy and to Temozolomide, Bleomycin, Cisplatin, Cyclopamine, A.443654 (Akt inhibitor), AZD6482 (PI3K inhibitor), GDC0941(PI3K inhibitor), and metformin.



Materials and Methods


Data Acquisition and Preparation

Transcriptome profiling data of LGG were downloaded from UCSC Xena website (http://xena.ucsc.edu) as a training set. Corresponding clinical data were also retrieved. CGGA325 expression and clinical information data were downloaded from the CGGA website (http://www.cgga.org.cn). Somatic mutation and copy number variations (CNVs) data were obtained from the TCGA website (https://portal.gdc.cancer.gov/). Somatic mutation data was analyzed using the ‘maftools’ R package. Significant copy number variations were detected with GISTIC 2.0 from GenePattern website (https://www.genepattern.org/). Inclusion criteria: TCGA-LGG cases with complete clinical information, corresponding somatic mutation and CNV data were included in the study. CGGA325 data of WHO grade II and III glioma patients with complete clinical information were filtered for use.



Identification of m5C-Related lncRNAs

LGG transcription data was annotated using Genome Reference Consortium Human Build 38 (GRCh38) to identify lncRNAs and protein coding genes in the TCGA LGG dataset. Regulators of m5C were acquired in previous literature which included NSUN1-7, DNMT1, DNMT2, TRDMT1, DNMT3A, DNMT3B, TET1, TET2, TET3, ALYREF, and YBX1. Next, we performed pearson correlation analysis in the TCGA LGG dataset to identify m5c related lncRNAs by the criteria |R|>0.5 and p<0.001. Univariate cox regression analysis was then performed to acquire m5c-related lncRNAs significantly related to patient prognosis (p<0.05). An identical procedure was performed in LGG samples of CGGA325 dataset and m5C related lncRNAs in the CGGA325 dataset were acquired. Finally prognostic m5C-related lncRNAs were obtained through intersecting results acquired from the TCGA and CGGA datasets.



Construction of the Prognostic Signature

Lasso regression analysis and multivariate cox regression analysis were utilized to construct a risk score signature in the TCGA dataset following the formula:   with coefi and expi representing survival correlation regression coefficient and expression value of each lncRNA, respectively. Risk score was then calculated for each patient in the training set. The median value of risk scores was set as the cutoff to divide the training set into high and low risk groups. Survival analysis was performed and time dependent receiver operating characteristic (ROC) curves were plotted to evaluate the prognostic ability of the signature. Identical analyses were performed in the validation set to verify the signature prognostic value.

Multivariate Cox regression was then performed to establish a nomogram with the m5C-related lncRNAs risk score and clinical features including age, sex, and WHO grade. A calibration plot and concordance index (C-index) were utilized to examine the predictive accuracy of the nomogram using R package ‘rms’. ROC curves and the area under curve (AUC) were also evaluated with R package ‘timeROC’ to review the prognostic ability of the nomogram.



Functional Analyses

In order to explore differential gene pathways between the high and low risk groups defined by the m5C LPS, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed using the ‘clusterProfiler’ R package with BH adjusted p value <0.01. Gene set enrichment analysis was performed with 1000 permutations, p value < 0.05 and false discovery rate < 0.25 using the GSEA 4.1.0 software downloaded from the Broad Institute website (http://software.broadinstitute.org/gsea/).



Estimation of Immune Infiltration, Somatic Mutation, CNVs and Prediction of Therapy Response

CIBERSORTx was used to estimate the abundance of 22 types of immune cells in the tumor mass (16). CNVs of the high and low risk groups were analyzed with the GISTIC 2.0 module on GenePattern website. The SubMap module on GenePattern website was utilized to evaluate response to immune checkpoint inhibitors of the two risk groups in the TCGA LGG dataset (17, 18) with default parameters.



Sample Collection

We collected 27 LGG samples from the Department of Neurosurgery, Xiangya Hospital, Central South University. The current study was approved by the Ethics Committee of Xiangya Hospital (No. 201703478). All participants provided informed consent and approval.



RNA Extraction and rt-qPCR Analysis

Total RNA was extracted using TRIzol Reagent according to manufacturer’s instructions. RevertAid First Strand cDNA Synthesis Kit (ThermoFisher)was used in reverse transcription reaction. ChamQ Universal SYBR qPCR Master Mix (Vazyme, China) and StepOne Real-time PCR systems (Applied Biosystems) were used for rt-qPCR reaction. The experimental condition was set as: 95°C 60s, 95°C 15s, and 60°C 30s for 40 cycles. Reactions were repeated in triplicate for each sample. Expression levels were calculated using 2-ΔΔCt method. Primer sequences are listed in Supplementary Table S1.



Statistical Analysis

Statistical analysis was performed using R software (version 4.0.0). Univariate and multivariate Cox proportional hazards models and lasso regression were used to determine significant prognostic lncRNAs. The Kaplan–Meier curve was used for comparison of overall survival of different subgroups. ROC curve was used to evaluate the predictive efficiency of the m5C-LPS. GSEA 4.1.0 software was used for functional annotation. The rt- qPCR results were analyzed with Student’s t-test. A p < 0.05 was considered statistically significant.




Results


Construction of m5c-Related lncRNAs Signature in LGG Patients

A study flowchart is shown in Figure 1A. Gene expression data of 504 LGG samples with complete clinical information was retrieved from TCGA database. We performed Pearson correlation analysis by the criteria |R|>0.5 and p<0.001 acquiring 1121 m5C-related lncRNAs. We then utilized univariate regression analysis (p<0.05) and acquired 607 prognostic m5c-related lncRNAs. Gene expression and clinical data of 172 LGG samples was retrieved from the CGGA325 dataset (Table 1). Pearson correlation analysis (|R|>0.5, p<0.001) and univariate regression analysis (p<0.05) yielded 271 prognostic m5C-related lncRNAs. Examining the results from analyses of TCGA and CGGA datasets, 138 common m5C-related prognostic lncRNAs were retrieved. We utilized LASSO Cox regression analysis to filter out prognostic m5C-related lncRNAs yielding 18 lncRNAs (Figures 1B, C). We applied multivariate regression analysis to the 18 m5C-related prognostic lncRNAs and constructed a m5C-related LPS consisted of eight lncRNAs (Table 2). A heatmap of the correlations between the eight lncRNAs and m5C regulators was plotted (Figure 1D).




Figure 1 | Construction of the m5C related lncRNAs prognostic signature. (A) Study flow chart. (B, C) Lasso regression analysis for m5C LPS construction. (D) Heatmap of the correlations of m5C-related lncRNAs and m5C regulators.




Table 1 | Clinical characteristics of cases in TCGA, CGGA and collected glioma samples.




Table 2 | The eight prognostic m5C-related lncRNAs.





Evaluation and Validation of the m5C-Related lncRNAs Prognostic Signature

Risk scores of patients in the TCGA dataset were calculated according to the m5C LPS. Patients were divided into high and low risk groups by the median of risk scores. Survival analysis using Kaplan-Meier curves revealed longer overall survival time in the low-risk group (Figure 2A). Distribution of risk scores and survival status was plotted in Figure 2B, indicating poorer survival in high-risk patients. We then utilized ROC curves to evaluate the prognostic ability of the m5C LPS. One-, three-, and five-year AUC was 0.873, 0.865, and 0.772, respectively (Figure 2C), indicating a promising prognostic ability for m5C LPS.




Figure 2 | Prognostic performance of the m5C-related lncRNAs signature. (A, D) Kaplan-Meier curve showing a better overall survival in low-risk group than the high-risk group in the TCGA and CGGA datasets. (B, E) Risk score distribution of patients based on m5C-related lncRNAs signature and survival status in the TCGA and CGGA datasets. (C, F) Receiver operating characteristic (ROC) curves showing performance of the signature in predicting 1/3/5-year overall survival in the TCGA and CGGA datasets.



Validation of the m5C LPS was conducted in CGGA325 dataset from which we extracted data of 172 LGG patients. We calculated risk scores with the m5C LPS and divided patients into high and low risk groups in the aforementioned manner. Consistently, survival analysis showed significantly longer OS in the low-risk group than the high-risk group (Figures 2D, E). Moreover, one-, three-, and five-year AUC being 0.781, 0.825, 0.782 respectively proved the m5C LPS had a robust prognostic ability in the CGGA dataset (Figure 2F). We further validated expressions of the eight lncRNAs in 27 LGG samples collected from the Department of Neurosurgery, Xiangya Hospital of Central South University (Supplementary Figure 2). LncRNAs AC091878.1 and RP11-108L7.15 identified as protective factors in the m5C LPS were found to be significantly higher in WHO Grade II tumors while LINC00632 and PAXIP.AS1 presented significantly higher expression in WHO Grade III gliomas.



Correlation of m5C-Related lncRNAs and Clinicopathological Features

We sought to explore correlation of the m5C LPS with clinicopathological features. MGMT methylation, 1p/19q codeletion, IDH status, and WHO grade were significantly different between the high and low risk groups (Figure 3A). Correlation of OS with expression of each lncRNA in the m5C LPS was also investigated through Kaplan-Meier curves (Figure 3B). Patients were divided into high and low expression groups according to the expression of each lncRNA. Overall survival was significantly longer in the low expression group for lncRNAs PAXIP1-AS2, RP11-303E16.2, RP11-157J24.2, RP11-108L7.15, while with lncRNAs AC091878.1, LNC00632, RP11-158M2.3, and CTD-2377O17.1 the overall survival was significantly longer in the high expression group, indicating their protective roles in glioma. We then investigated the differential expression of each lncRNA in subgroups divided by WHO grade, IDH mutation, 1p19q codeletion, and MGMT methylation status (Figure 3C). Expression of RP11-108L7.15 was only significantly different between WHO grade II and III with no significant difference between IDH, 1p/19q codeletion or MGMT methylation subgroups. Expression of RP11-158M2.3 was significantly different between WHO grade, IDH and MGMT methylation subgroups. Significant differences were also observed in the expression of CTD-2377O17.1 between WHO grade, IDH and 1p19q codeletion subgroups. The other lncRNAs from the m5C LPS all showed significant differences in subgroups of WHO grade, IDH, 1p19q codeletion and MGMT methylation, indicating their differential roles in gliomas.




Figure 3 | Differential expression of lncRNAs constituting the m5C LPS. (A) Heatmaps showing m5C-related lncRNAs expression and clinicopathological features in the TCGA and CGGA datasets. (B) Kaplan-Meier curves showing the overall survival of patients grouped by expression of each m5C-related lncRNA in the TCGA dataset. (C) Differential expression of the eight m5C-related lncRNAs in WHO grade, IDH, 1p/19q codeletion, and MGMT promoter methylation subgroups. *p<0.5, **p<0.01, ***p<0.001, ****p<0.0001, ns, no significance.



We also investigated the distribution of m5C LPS risk scores between different clinicopathological subgroups (Figures 4A–F). Risk score was significantly higher in the following subgroups namely, IDH wild type, WHO grade III, 1p19q non-codeletion, MGMT promoter unmethylated, and age > 40. Survival analysis was also performed in each subgroup via KM curve and proved the m5C LPS had robust prognostic ability in each subgroup of different clinicopathological characteristics (Figures 4G–L).




Figure 4 | Correlation and prognostic performance of the m5C LPS. (A–F) Different risk scores between patients grouped by clinicopathological features including IDH mutation status, 1p/19q codeletion status, MGMT methylation status, WHO grade, age and gender. (G–L) Kaplan-Meier curves showing stable performance of the signature in differential subgroups of LGG patients including age, WHO grade, and IDH status. ****p<0.0001, ns, no significance.





Construction of the Nomogram

Univariate and multivariate analyses were used to investigate the prognostic value of the m5C LPS (Figure 5A). In univariate analysis, a hazard ratio (HR) of 1.12 (CI: 1.1-1.15) with p value <0.01 indicated that the m5C LPS risk score is a prognostic indicator. In multivariate analysis, the risk score presented an HR of 1.07 (CI: 1.05-1.1) with a p value <0.01 indicating the risk score to be a prognostic indicator independent of age, grade and MGMT status. An ROC curve was implemented to evaluate the specificity and sensitivity of prognostic indicators and manifested a higher AUC for the risk score than other clinicopathological features (Figure 5B). We then constructed a nomogram with the m5C LPS risk score and other clinicopathological features (Figure 5D). A C-index of 0.823 and conformity in nomogram-predicted and actual 1, 3, 5-year OS of patients (Figure 5C) indicated a promising prognostic ability.




Figure 5 | Verification of the m5C LPS and construction of the nomogram. (A) Forest plots showing the results of univariate and multivariate Cox regression analyses on the prognostic performance of the risk score and clinicopathological features. (B) ROC curves showing prediction performance of the risk score and clinicopathological features. (C) Calibration curve of the nomogram for 1,3,5-year OS. (D) Construction of the nomogram using risk score and clinicopathological features.





Functional Annotation of Low and High-Risk Groups

We performed GO, KEGG and GSEA analyses to identify pathways activated in the high-risk group. Th1, Th2 and Th17 cell differentiation, ECM-receptor interaction pathways were enriched in the high-risk group. GO showed extracellular matrix organization, epithelial to mesenchymal transition (EMT), and interferon gamma mediated signaling pathway were enriched in the high-risk group. GSEA analysis identified glycolysis, epithelial to mesenchymal transition (EMT), inflammatory response, interferon gamma response, PI3K-AKT-mTOR signaling, IL6-JAK-STAT3 signaling, IL2-STAT3 signaling, E2F targets, interferon alpha response, G2M checkpoint, and hypoxia were positively correlated with high-risk group (Figures 6A–C). The analyses indicated m5C related lncRNAs were possibly related with the glioma tumor microenvironment, immune response, EMT, cell cycle, and hypoxia.




Figure 6 | Functional annotation of risk groups identified through the m5C LPS. (A) KEGG pathway enrichment analysis between high and low risk groups. (B) Dotplot of GO biological processes. (C) GSEA analysis showing pathways enriched in the high-risk group.





Correlation of m5C-Related lncRNAs With the Glioma Tumor Microenvironment and Response to Immunotherapies

We next investigated the correlation of m5C related lncRNAs with glioma immune infiltration using CIBERSORTx. An overall high proportion of M2 macrophages, monocytes, CD4 memory T cells, activated and resting mast cells in LGG is shown in Figure 7A. Monocytes, memory B cells, activated mast cells and naïve CD4 T cells presented a significantly higher proportion in the low-risk group (p<0.05) while M1 macrophages, CD8 T cells, resting mast cells, activated and resting CD4 memory T cells manifested a higher infiltration in the high-risk group (p<0.05). A positive correlation with the risk score was found in infiltration of M1 macrophages, CD8 T cells, and resting CD4 T cells, while a negative correlation was identified in infiltration of CD4 naïve T cells, monocytes, and activated mast cells (Figure 7B). HLA family proteins were also found to be significantly higher in the high-risk group (Figure 7C). Immune checkpoint proteins including LAG3, CTLA4, HAVCR2, PDCD1, and CD274 also showed significantly higher expression in the high-risk group than in low-risk group (Figure 7D).




Figure 7 | Correlation of the risk score with immune cell infiltration and prediction of responses to immune checkpoint inhibitors. (A) Estimated proportion of 22 tumor infiltrating immune cells in high and low risk groups. (B) Correlation of risk score with proportion of six tumor-infiltrating immune cell types. (C) The expression levels of HLA family genes in low- and high-risk groups in TCGA database. (D) The expression levels of CD274 (PD-L1), CTLA4, HAVCR2, LAG3, and PDCD1 (PD1) in low- and high-risk groups in TCGA database. (E) Sensibility of patient responses to PD1 and CTLA4 inhibitors in different risk groups.  *p<0.5, **p<0.01, ***p<0.001, ****p<0.0001, ns, no significance.



Research indicates therapeutic effects for anti-PD1 and anti-CTLA4 therapies in glioma (19). We therefore explored possible correlations of the m5C LPS with anti-PD1 and anti-CTLA4 therapies using a subclass mapping algorithm (20). We compared the expression matrix of high and low risk groups to that of a melanoma dataset in which patients underwent anti-PD1 and anti-CTLA4 therapies (17). High risk group patients were generally more responsive to anti-CTLA4 (nominal p value = 0.012) and anti-PD1 therapies (nominal p value = 0.14) (Figure 7E).



Differential Somatic Mutations and Copy Number Variations in Different Risk Groups

The 2016 WHO classification of CNS tumors incorporated molecular characteristics including somatic mutations and copy number variations (CNVs) with histological features for a summed-up diagnosis. We analyzed the somatic mutations and CNVs in the current study and explored their relationship with the m5C LPS risk groups. We compared the top differentially mutated genes in the high and low risk groups. IDH1, CIC, and FUBP1 had higher mutation rates in the low-risk group while EGFR, NF1 and PTEN showed higher mutation rates in the high-risk group (Figures 8A, B). We also investigated cooccurrence and mutually exclusive genes in the risk groups. EGFR, PTEN and NF1 showed mutual exclusivity with IDH1, TP53 and ATRX in the high-risk group. Cooccurrence was observed in CIC with IDH1, PTEN with EGFR and NF1, and FUBP1 with NF1 and CIC in the high-risk group (Figure 8C). We also performed GISTIC2 to identify driver CNVs in different risk groups (18). The high-risk group presented an overall higher rate of copy number amplification and deletion with the exception that deletion on 1p and 19q was observed predominantly in the low-risk group. Deletions on Chr 9p, 10, 13q and 14q and amplifications on Chr 7, 19, 20 were observed mainly in the high-risk group (Figure 8D). Distribution of CNVs in different genes between the two risk groups were also analyzed (Figure 8E). CDKN2B, PTEN, CDK6, EGFR, PRKCH, and IGF2R showed higher CNV rates in the high-risk group while CDKN2C and PDGFC showed higher CNV rates in the low-risk group.




Figure 8 | Somatic mutation and CNVs in different risk groups. (A) Seven significantly different mutated driver genes between high and low risk groups. (B) Forest plot of differentially mutated genes between high and low risk groups. (C) Heatmap of mutually exclusive and co-occurrent mutated genes in high and low risk groups. (D) Distribution of copy number variations in high and low risk groups. (E) Differential CNVs of genes in high and low risk groups.





m5C-Related LPS in Prediction of Chemotherapeutics Response

Temozolomide has been the first line treatment after surgery for gliomas for some time (21). However, with vast differences in response to temozolomide in patients, researchers have been investigating novel chemotherapeutics for glioma (22, 23). In light of the aforementioned findings in enriched pathways and CNVs in the m5C LPS high risk group, we used the ‘pRRophetic’ package to predict response of patients to chemotherapeutics in different risk groups. We selected Temozolomide, Bleomycin, Cisplatin, Cyclopamine, A.443654 (Akt inhibitor), AZD6482(PI3K inhibitor), GDC0941(PI3K inhibitor), and metformin to analyze levels of response in different risk groups. Results revealed a lower estimated IC50 in the high-risk group for the chosen drugs (Figure 9).




Figure 9 | Predicted response of patients in TCGA dataset to chemotherapeutic agents in different risk groups.






Discussion

Unlike the neurons that are terminally differentiated cells, astrocytes still retain the ability to self-renew and proliferate, which can potentially transform to cancer cells under pathological conditions. This may be attributed to the different effects of abnormal activation of intracellular pathways in neurons and glial cells in the brain (24). Previous studies indicated that the most common histological type of primary CNS tumor is glioma, which is derived from glial cells of astrocytic, oligodendroglia and ependymal origin, with an annual incidence of 5-6/100,000 individuals worldwide (25, 26). Our previous study presented a novel integrated system for glioma individualized therapeutics modeling and screening (27). Studies have also reported predictive models of tumor prognosis and therapeutics using bioinformatics methods (9, 22).

In the current study we identified the m5C-related LPS containing eight lncRNAs, two of which have been reported in the literature. LINC00632 was reported to be associated with several tumors including multiple myeloma cell drug resistance (28), and melanoma invasion and metastasis (29). PAXIP1-AS2 is involved in endometrial cancer development (30). Univariate and multivariate Cox regression analyses with other clinicopathological factors confirmed the risk score to be an independent prognostic factor for LGG patients. The robust predictive performance of the m5C LPS was also confirmed via ROC curves in differential clinicopathological subgroups. Many studies have implicated plasma/serum lncRNAs with tumor initiation and diagnosis (31, 32). The current study is the first to construct a m5C-related lncRNA signature in lower grade glioma. The m5C LPS presented a good prognostic ability with one-, three-, and five- year AUC being 0.873, 0.865, and 0.772 respectively compared to existing signatures with AUC ranging from 0.741 to 0.901 (Supplementary Table 2) (33–36). The m5C LPS also correlated significantly with immune cell infiltration, tumor mutation, and copy number variation. The m5C LPS could be utilized in diagnosis, drug response and prognosis prediction of lower grade glioma.

LncRNAs have been reported to participate in tumor initiation and progression through reprogramming tumor microenvironment. LINC00665 was reported to affect the infiltration of macrophages and DCs, suppress Tregs, and prevent T cell exhaustion. LncRNA TCL6 is related to tumor infiltrating lymphocytes and immune checkpoint molecules including PD1, PDL1 and CTLA4. Multiple lncRNAs are reported to regulate macrophage polarization and their protein secretion (37). The current study identified T cell differentiation, interferon gamma and alpha signaling pathways to be enriched in the high-risk group. M1 macrophages, CD8 T cells, resting mast cells, activated and resting CD4 memory T cells were found to be highly infiltrated in the high-risk group. Infiltration of M1 macrophages, CD8 T cells and resting CD4 T cells was found to be positively correlated with the risk score while infiltration of CD4 naïve T cells, monocytes and activated mast cells was negatively correlated with the risk score. Differential infiltration of various immune cells in the two risk groups may be the result of the overall difference between m5C LPS high and low risk groups or the direct effect of m5C lncRNAs differential expression. HLA proteins play important roles in antitumor immunity through maintaining CTL antigen presentation and modulating NK cell function. We thus evaluated the expression of HLA proteins in different risk groups. Expression of HLA and immune checkpoint proteins was significantly higher in the high-risk group. Response to immune checkpoint inhibitors in both risk groups was explored using a subclass mapping algorithm. The high-risk group was found to be more responsive to anti-CTLA4 therapy. The mechanism of correlation between m5C lncRNAs and immune infiltration/response are to be further explored.

We also evaluated somatic mutation, CNVs, and response to chemotherapeutic agents in different risk groups. IDH1, CIC, NIPBL, and FUBP1 showed significantly higher mutation rates in the low-risk group while EGFR, NF1, and PTEN showed higher mutation rates in the high-risk group. Deletion on 1p and 19q was observed predominantly in the low-risk group. These results conform to reports of better prognosis in patients with IDH1 mutation or 1p19q codeletion. In predicting chemotherapeutics response, we investigated agents including Akt inhibitor A.443654, PI3K inhibitor AZD6482 and GDC0941 targeting pathways indicated in GSEA analysis. Results showed that cases in the high-risk group were more responsive to the drugs. Mechanism of the correlation between m5C LPS and therapeutics response needs further research. Still, in vitro validation of drug response experiments is needed to confirm the predictions.

In summary, we report a lncRNA signature that may contribute to stratification of LGG patients in their prognosis and response to immune- and chemotherapies. There are limitations to the current study including a restricted number of cases in the validation set, lack of further in vitro and in vivo studies into the correlations of m5C related lncRNAs with tumor immune microenvironment, somatic mutation and CNVs. However, the m5C-related lncRNA prognostic signature should stimulate further laboratory research into the specific lncRNAs from which it is composed, as well as potential biomarker research using patient-derived tumor or serum samples.
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Supplementary Figure 1 | Realtime-qPCR validation of relative expression of the eight lncRNAs of m5C-related LPS in 27 LGG samples.

Supplementary Figure 2 | Relative expression of m5C LPS lncRNAs in IDH wild type and IDH mutant samples.

Supplementary Figure 3 | Relative expression of m5C LPS lncRNAs in MGMT promoter methylated and unmethylated samples.
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Background

AlkB homolog 5 (ALKBH5) is a N6-methyladenosine (m6A) demethylase associated with the development, growth, and progression of multiple cancer types. However, the biological role of ALKBH5 has not been investigated in pan-cancer datasets. Therefore, in this study, comprehensive bioinformatics analysis of pan-cancer datasets was performed to determine the mechanisms through which ALKBH5 regulates tumorigenesis.



Methods

Online websites and databases such as NCBI, UCSC, CCLE, HPA, TIMER2, GEPIA2, cBioPortal, UALCAN, STRING, SangerBox, ImmuCellAl, xCell, and GenePattern were used to extract data of ALKBH5 in multiple cancers. The pan-cancer patient datasets were analyzed to determine the relationship between ALKBH5 expression, genetic alterations, methylation status, and tumor immunity. Targetscan, miRWalk, miRDB, miRabel, LncBase databases and Cytoscape tool were used to identify microRNAs (miRNAs) and long non-coding RNAs (lncRNAs) that regulate expression of ALKBH5 and construct the lncRNA-miRNA-ALKBH5 network. In vitro CCK-8, wound healing, Transwell and M2 macrophage infiltration assays as well as in vivo xenograft animal experiments were performed to determine the biological functions of ALKBH5 in glioma cells.



Results

The pan-cancer analysis showed that ALKBH5 was upregulated in several solid tumors. ALKBH5 expression significantly correlated with the prognosis of cancer patients. Genetic alterations including duplications and deep mutations of the ALKBH5 gene were identified in several cancer types. Alterations in the ALKBH5 gene correlated with tumor prognosis. GO and KEGG enrichment analyses showed that ALKBH5-related genes were enriched in the inflammatory, metabolic, and immune signaling pathways in glioma. ALKBH5 expression correlated with the expression of immune checkpoint (ICP) genes, and influenced sensitivity to immunotherapy. We constructed a lncRNA-miRNA network that regulates ALKBH5 expression in tumor development and progression. In vitro and in vivo experiments showed that ALKBH5 promoted proliferation, migration, and invasion of glioma cells and recruited the M2 macrophage to glioma cells.



Conclusions

ALKBH5 was overexpressed in multiple cancer types and promoted the development and progression of cancers through several mechanisms including regulation of the tumor-infiltration of immune cells. Our study shows that ALKBH5 is a promising prognostic and immunotherapeutic biomarker in some malignant tumors.





Keywords: ALKBH5, pan-cancer, prognosis, immune, glioma, lncRNA-miRNA-ALKBH5 network



Introduction

Nucleoside modifications affect the biological functions and stability of the RNA molecules. According to MODOMICS, the database of RNA modifications, 163 different nucleoside modifications have been reported for RNA molecules in all organisms (1). The most abundant RNA modification is N6-methyladenosine (m6A), which involves methylation of the 6th nitrogen atom of the adenine (A) molecule in either messenger RNAs (mRNAs) or non-coding RNAs (ncRNAs) (2, 3). The m6A modification is catalyzed by the m6A methylation writer complex consisting of several proteins including METTL3 and METTL14, and is reversed by demethylase erasers such as FTO and ALKBH5 (4). The m6A modification is recognized by m6A reader proteins belonging to the YTHDF and YTHDC protein families, and modulates translation, localization, mRNA splicing, or stability of the modified mRNA or ncRNA (5). Several studies have shown that aberrant regulation of m6A RNA modifications is associated with the development and progression of various cancers (6–8).

AlkB homolog 5 (ALKBH5) is a widely reported m6A RNA demethylase that belongs to the AlkB family of DNA and RNA demethylases, which mediates the repair of N-alkylated nucleobases by oxidative demethylation and consists of 9 mammalian homologs (9). The full-length ALKBH5 has 394 amino acids and ALKBH5 mainly locates on nuclear speckles that facilitate the assembly of mRNA-processing factors, which sustains the view that nuclear nascent RNAs are the main substrates of ALKBH5. ALKBH5 plays a significant role in several biological processes such as cell proliferation, osteogenesis, spermatogenesis, and ossification (10–13). ALKBH5 also plays an oncogenic or tumor suppressive role in different kinds of cancers, such as breast cancer, glioblastoma, ovarian cancer, lung cancer, liver cancer, pancreatic cancer, gastrointestinal cancer, acute myeloid leukemia (AML) and osteosarcoma (14–20). On the one hand, breast cancer stem cell (BCSC) phenotype could be induced by hypoxia through HIF-dependent and ALKBH5-mediated regulation of NANOG mRNA (14). And ALKBH5 was highly expressed in glioblastoma stem-like cells (GSCs) and maintained tumorigenic activity of GSCs via maintaining FOXM1 expression and cell proliferation program (15). Hu et al. found that ALKBH5 promoted epithelial ovarian cancer cell proliferation and invasion by inhibiting autophagy through miR-7 and Bcl-2 (16). Chen et al. discovered that ALKBH5 was essential for the development and maintenance of AML and the self-renewal of leukemia stem/initiating cells (LSCs/LICs), and ALKBH5 played a tumorigenic role in AML through post-transcriptional regulation of its key targets, such as TACC3 (21). On the other hand, ALKBH5 inhibited tumor growth and metastasis via decreasing YTHDFs-mediated YAP expression and suppressing miR-107/LATS2-mediated YAP activity (17). Zheng et al. found that ALKBH5-mediated m6A demethylation led to post-transcriptional inhibition of LY6/PLAUR Domain Containing 1 (LYPD1), which inhibited malignant progression of hepatocellular carcinoma (22). In osteosarcoma, ALKBH5 could inhibit tumor progression through epigenetic silencing of m6A-dependent pre-miR-181B-1/YAP signaling pathway (20). Furthermore, Tariq M Rana revealed that ALKBH5 regulated the response of anti-PD-1 therapy by regulating lactate in tumor microenvironment and inhibiting immune cell recruitment (23). These results indicate that altered ALKBH5 expression could both promote and suppress carcinogenesis based on cancer type and ALKBH5 acts as a significant role in tumor immune microenvironment. At present, there are few systematic studies on ALKBH5 in pan-cancer, especially in glioma.

In this study, we performed systematic bioinformatics analysis to determine the biological functions and prognostic significance of ALKBH5 in several cancers using the patient data in multiple databases. The functional significance of altered expression levels of ALKBH5 was comprehensively investigated in various cancers in regard to prognosis, genetic alterations, expression levels of ALKBH5-related genes, tumor immunity, and the lncRNA-miRNA network regulating ALKBH5 expression. We also specifically analyzed the relationship between ALKBH5 expression and the growth and progression of gliomas using both in vitro and in vivo models.



Materials and Methods


Analysis of ALKBH5 Gene and Protein Expression

The Human Protein Atlas (HPA) online website (https://www.proteinatlas.org/) was used to analyze ALKBH5 in “Tissue Atlas”. The expression data of ALKBH5 gene in different human normal tissues were obtained (24). The row data source was TMM normalized. Normalized eXpression (NX), the resulting transcript expression values, were calculated for each gene in every sample. Online website (https://www.proteinatlas.org/about/assays+annotation) showed the detailed information. NX ≥ 1 was regarded as “Low specificity” in at least one tissue, but not increased in other tissue. Then, the Cancer Genome Atlas (TCGA) cohort was used to analyze ALKBH5 expression in 33 tumors, including adrenocortical carcinoma (ACC), bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck cancer (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), acute myeloid leukemia (LAML), brain lower grade glioma (LGG), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), Mesothelioma (MESO), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), sarcoma (SARC), skin cutaneous melanoma (SKCM), stomach adenocarcinoma (STAD), testicular germ cell tumors (TGCT), thyroid carcinoma (THCA), thymoma (THYM), uterine corpus endometrial carcinoma (UCEC), uterine carcinosarcoma (UCS) and uveal melanoma (UVM) via Gene Expression Profiling Interactive Analysis 2.0 (GEPIA2) (http://gepia2.cancer-pku.cn/#index) (25). All abbreviations showed in Supplementary Table 1. Using TCGA combined with Genotype Tissue Expression (GTEx) cohort, ALKBH5 expression was analyzed between tumors and corresponding normal tissues in 27 tumors via SangerBox (http://SangerBox.com/Tool) (26). ALKBH5 mRNA expression data of glioma with different gardes, subtypes and new types (oligodendroglioma, astrocytoma and glioblastoma) were obtained from the Chinese Glioma Genome Atlas (CGGA) (http://www.cgga.org.cn; dataset ID: mRNAseq_325 and mRNAseq_693) and TCGA databases.

Moreover, RNA-Seq data (lllumina HiSeq X Ten, Novogene) and corresponding pathological and clinical data of external 100 glioma samples were obtained to further validate the correlation between ALKBH5 mRNA expression and glioma grades or prognosis. All human glioma samples were taken from patients undergoing surgery at the First Affiliated Hospital of Zhengzhou University. Tissue samples were graded by neuropathologists according to World Health Organization (WHO) standards and stored in liquid nitrogen. Glioma specimens were divided into grade II (30 cases), grade III (20 cases) and grade IV (50 cases). Histological and clinical data of glioma specimens are shown in Supplementary Table 2. This study was approved by the institutional review boards of the hospital and obtained written informed consent from all patients.

In addition, the ALKBH5 protein expression data for 44 tissues under physiological conditions were obtained in HPA portal. The subcellular localization information of ALKBH5 was obtained using the Cell Atlas module. The conserved functional domains of ALKBH5 proteins were analyzed in different species using “HomoloGene” function of NCBI database. The expression levels of ALKBH5 protein were also analyzed in Clinical Proteomic Tumor Analysis Consortium (CPTAC) module via UALCAN portal (http://ualcan.path.uab.edu/index.html) (27). The CPTAC database normalized the expression values in each proteome data to the standard deviation of the median. The total ALKBH5 protein expression level was compared between tumors and normal tissues via retrieving “ALKBH5”. Five available data sets for tumors were selected, including OV, breast cancer, clear cell RCC (ccRCC), lung adenocarcinoma and UCEC.



Survival Prognosis Analysis

The overall survival (OS) and disease-free survival (DFS) survival map data for ALKBH5 in various tumor types in TCGA database were obtained via GEPIA2 online website. The high-expression and low-expression cohorts of ALKBH5 was obtained through the expression threshold of the cutoff-high (50%) and cutoff-low (50%) values. The “Survival Analysis” module of GEPIA2 was used to analyze special survival plots with log-rank P-values.

Then, the COX_OS (overall survival) and COX_DSS (disease specific survival) analysis data of ALKBH5 for different tumors was analyzed on SangerBox portal. In Kaplan-Meier Plotter website (https://kmplot.com/analysis/), the relationship between ALKBH5 expression and prognosis of tumor patients, such as OS, progression free survival (PFS), first progression (FP), post progression survival (PPS) and relapse free survival (RFS), was analyzed (28). The Kaplan-Meier survival plots of ovarian, lung, gastric and liver cancer cases were generated in the “mRNA gene chip” and “mRNA RNA-seq” modules. The log-rank P-value, hazard ratio (HR) and 95% confidence intervals were computed. Through CGGA mRNAseq_325 (CGGA_325), CGGA mRNAseq_693 (CGGA_693) and TCGA mRNAseq databases, the relationship between ALKBH5 and overall survival of glioma patients in primary glioma, recurrent glioma, LGG (WHO I-III) and GBM (WHO IV) was analyzed. Through these three databases, the relationship between ALKBH5 expression and prognosis in IDH mut+1p/19q codeletion, IDH mut+1p/19q noncodeletion and IDH wild groups was analyzed in glioma. The relationship between ALKBH5 expression and prognosis in IDH status, 1p/19q codeletion status and MGMT promoter status was also analyzed in glioma via CGGA_325 and CGGA _693 datasets. Cox regression analysis of CGGA_325 combined with CGGA _693 and TCGA datasets in glioma was performed via SPSS and nomogram was used to visualize the results via SangerBox.



Genetic Alteration Analysis

Firstly, the genetic mutation ratios of ALKBH5 in various tumors was explored via the “Gene_Mutation” module of the Tumor Immune Estimation Resource 2.0 (TIMER2) website (http://timer.cistrome.org/) (29). The row data represented the percentages of ALKBH5 mutation in tumors.

Then, the characteristics of ALKBH5 genetic alterations were explored by the online cBioPortal database (https://www.cbioportal.org/) (30). TCGA Pan Cancer Atlas Studies in the “Quick select” section was selected for query. The mutation type, alteration frequency, and copy number alteration (CNA) data were observed across TCGA tumor datasets in the “Cancer Types Summary” module.

Databases of somatic mutations and somatic copy number alternations (CNAs) were obtained from TCGA datasets. CNAs correlated with ALKBH5 expression, and the threshold copy number at alteration peaks were analyzed by GISTIC 2.0 (https://cloud.genepattern.org/) (31). The patients were divided into the first 25% ALKBH5high (n=166) and the last 25% ALKBH5low (n=166) groups according to the expression value of ALKBH5. The maftools package was also used in R software (https://www.r-project.org/) to download and visualize the somatic mutations of patients with 25% ALKBH5high and 25% ALKBH5low glioma across TCGA databases (32).



ALKBH5-Related Gene Enrichment Analysis

Through searching the STRING website (https://string-db.org/), “ALKBH5” was queried in the “protein name” module and “Homo sapiens” in the organism module (33). The following main parameters was set: meaning of network edges (“evidence”), minimum required interaction score [“low confidence (0.150)”], active interaction sources (“experiments” and “database”) and maximum number of interactors to show (“no more than 50 interactors” in the 1st shell). The available ALKBH5-binding proteins was analyzed. Then, the top 10 ALKBH5-associated targeting genes in TCGA tumors were generated by the “Similar Gene Detection” module of GEPIA2. The “correlation analysis” module of GEPIA2 was used to explore the correlation between ALKBH5 and these 10 ALKBH5-associated targeting genes. The P-value and the correlation coefficient (R) were generated. The correlation scatter plot of 10 genes was generated via the log2 TPM. We obtained a heatmap of these top 9 targeting genes via the “Gene_Corr” function of TIMER2.

Analyses of ALKBH5 related genes in CGGA_325, CGGA_693 and TCGA databases were performed using R package. The first 100 genes positively or negatively correlated with ALKBH5 expression were screened in CGGA_325, CGGA_693 and TCGA databases, and a total of 200 genes were used for subsequent analysis. SangerBox portal was used to analyze and map the results of GO-BP analysis of ALKBH5 related genes in glioma. Then, GSE93054 database (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE93054) was used to analyze the biological functions of ALKBH5 related genes in glioma stem cells (GSCs). In GSC11 and GSC17 cells, 3032 and 5158 differentially expressed genes were found after knockdown ALKBH5, respectively. Among them, 1150 differentially expressed genes were intersected within GSC11 and GSC17 cell lines. GO-BP and KEGG enrichment analyses of ALKBH5 related genes was analyzed and mapped in glioma by SangerBox portal.



Analysis of Immune Cell Infiltration

The relationships between ALKBH5 expression and ESTIMATE score and tumor infiltration immune cells (TIICs) in multiple tumors were explored via the SangerBox website, including CD4+ T cells, CD8+ T cells, B cells, neutrophils, macrophages, etc. XCell (https://xcell.ucsf.edu/) and ImmuCellAI (http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/) portals were used to analyze the relationship between ALKBH5 expression and immune-related cells in glioma via CGGA_325, CGGA_693 and TCGA datasets (34, 35).

Metagene analysis was performed with gene set variation analysis (GSVA) using the R package GSVA. Metagenes included HCK, IgG, Interferon, LCK, MHC-I, MHC-II and STAT1 clusters (Supplementary Table 3). The relationships between ALKBH5 expression and microsatellite instability (MSI), tumor mutation burden (TMB), Neoantigens and immune checkpoint (ICP) in different tumors from TCGA cohorts were investigated via the SangerBox website. These checkpoint genes included ADORA2A, BTLA, BTNL2, CD160, CD200, CTLA4, HHLA2, ICOS, IDO1, LAG3, PDCD1, TNFRSF14, VTCN1, etc. Spearman’s rank correlation test was performed, and the partial correlation (cor) and P-value were generated. Details of immune checkpoint receptor and ligand genes shown in Supplementary Table 4.



LncRNA-miRNA-ALKBH5 Regulatory Network Analysis

Upstream binding miRNAs of ALKBH5 were predicted by several target gene prediction programs, consisting of miRWalk (http://mirwalk.umm.uni-heidelberg.de/), miRDB (http://mirdb.org/), miRabel and TargetScan (http://www.targetscan.org/vert_72/) (36–39). Only the 49 predicted miRNAs that appeared in these four programs were included for subsequent analyses. Then, top 10 miRNAs ranked in TargetScan program were regarded as candidate miRNAs of ALKBH5, including miR-4732-5p, miR-193a-3p, miR-362-3p, miR-193b-3p, miR-589-5p, miR-4736, miR-6840-3p, miR-329-3p, miR-5008-5p and miR-6132. The CGGA microRNA_array_198 cohort was used to analyze the clinical features of the top 10 miRNAs. In addition, upstream target lncRNAs by miRNA screened were predicted and analyzed in “Experimental module” and “Prediction module” via LncBase database (http://carolina.imis.athena-innovation.gr/diana_tools/web/index.php?r=lncba sev2%2Findex) (40). Subsequently, Cytoscape software was applied to visualize the lncRNA-miRNA-ALKBH5 regulatory network.



Cell Lines and Culture

Human astrocytes (HA) and human glioma cell lines (U87, LN229, U251, A172 and B19) were obtained from ATCC (American Type Culture Collection, Manassas, VA, USA). Human THP-1 cells were purchased from the Shanghai Cell Bank of the Chinese Academy of Sciences (Shanghai, China). All cell line authentication service was applied and mycoplasma was also routinely tested. Astrocyte medium (AM) (Cat. #1801, ScienCell, USA) was used to culture human astrocytes, supplemented with 10 mL of fetal bovine serum (FBS) (Cat. #0010, ScienCell, USA), 5 mL of penicillin/streptomycin solution (P/S) (Cat. #0503, ScienCell, USA) and 5 mL of Astrocyte Growth Supplement (AGS) (Cat. #1852, ScienCell, USA). The glioma cell lines were cultured in DMEM Medium (Dulbecco’s Modified Eagle Medium, Gibco, USA) and THP-1 cells were cultured in RPMI 1640 medium with 10% FBS (FBS, BI serum, Israel) and cultured in a 37°C constant temperature incubator containing 5% CO2.



SiRNAs or Plasmids Delivery, Total RNA Isolation, Reverse Transcription and Quantitative Real-Time Polymerase Chain Reaction

The ALKBH5 siRNAs were purchased from Shanghai GenePharma Co., Ltd. SiRNAs were applied to knockdown the expression of ALKBH5 in U87 and U251 cell lines and transfected via Lipofectamine ™ RNAiMax (13778150, Thermo Fisher Scientific, USA) reagent. The ALKBH5 overexpression plasmids (pEGFP-C1B-ALKBH5) were kindly supplied by professor Xudong Wu (Tianjin Medical University, China) and transfected into cell lines via Lipofectamine 3000. RT-qPCR was applied to detect the efficiency of ALKBH5 knockdown or overexpression. Glioma cells were planted in 6-well plates, 5μL Lipofectamine ™ RNAiMAX and 40 pmol siRNA were mixed in each well for 5 min. Then, mixture was added into the cells for transfection. After transfection, the cells were replaced with full medium at 24h. The cells were collected after 48h. The total RNA was extracted with TRIzol reagent (Thermo Fisher Scientific, Inc.). The GoScript reverse transcription system (Promega Corporation) was used to synthesize cDNA. The mRNA expression status was detected via GoTaq®qPCR Master Mix (Promega Corporation) on ABI QuantStudio 3. GAPDH was applied as an internal control. The oligonucleotide primers used for quantitative PCR were as follows: ALKBH5, 5’- GGACCCCATCCACATCTTCG-3’ forward and 5’-GGCCGTATG CAGTGAGTGAT-3’ reverse; GAPDH, 5’-GGTGGTCTCCTCTGACTTCAACA-3’ forward and 5’-GTTGCTGTAGCCAAA TTCGTTGT-3’ reverse. The following PCR program was used: 95˚C for 10 min, 40 cycles of amplification (15 sec at 95˚C, 40 sec at 60˚C and 1 min at 72˚C) and a final extension step (72˚C for 2 min). All PCR experiments were performed in triplicate. The siRNA sequences were shown below: siALKBH5#1, 5’-CUGCGCAACAAGUACUUCUTT-3’sense and 5’-AGAAGUACUUGUUG CGCAGTT-3’ antisense; siALKBH5#2, 5’-CCUCAGGAAGACAA GAUUATT-3’sense and 5’-UAAUCUUGUCUUCCUGAGGTT-3’ antisense; negative control (NC), 5’-UUCUCCGAACGUG UCACGUTT-3’sense and 5’-ACGUGACACGUUCGGAGAATT-3’ antisense.



CCK-8 Experiment

The CCK-8 reagent was purchased from APExBIO (USA). The 2×103 cells were seeded into 96-well plates in advance. The test was started 24 hours later and lasted for 6 consecutive days (0, 1, 2, 3, 4, 5, 6 days). The medium was absorbed and discarded, and CCK-8 reagent was mixed with serum-free medium in a 5ml eppendorf tube (CCK8 reagent: Serum-free medium =10 μL: 90 μL per well) and added into 96-well plates with 100 μL per well. OD value at 450 wavelength was detected on a microplate after incubation at 37°C for 1h.



Wound Healing and Transwell Experiments

Wound healing assay: According to the density of 2.5×105 cells per well, U87, U251 and LN229 cells were inoculated in the 6-well plate. Then, siALKBH5#1, siALKBH5#2 or ALKBH5 plasmids were transfected into the 6-well plate. After 24 h, 200 μL pipetting head was used to scratch the cells in the plate and the serum-free medium was replaced to collect images under an inverted microscope (IX81, Olympus Company, Japan) at 0 h, 12h and 24 h.

Transwell assay: The upper chamber of Transwell assay was coated with a layer of Matrigel matrix glue (Corning Company, USA) (matrix glue: Serum-free medium=1:4). Then, the cells were resuspended and counted using serum-free medium. The cells were seeded into the upper chamber at a density of 5×104, and the lower chamber was added 500 μL full medium. After 24h, the cells were fixated with 4% paraformaldehyde for 10 min, 1% crystal violet was used to staining cells for 10 s. The remaining cells in the upper chamber were slightly wiped off, and images were collected under a positive microscope (BX53, Olympus Company, Japan). In addition, the number of cells passing through the chamber was counted in four random fields under the microscope.



M2 Macrophage Infiltration Assay

THP-1 cells were differentiated into macrophages induced by 150 nM phorbol 12-myristate 13-acetate (PMA; Sigma, USA) with 24 h. Then, macrophage M2 polarization was obtained by incubation with 20 ng/ml of interleukin 4 (R&D Systems, #204-IL) and 20 ng/ml of interleukin 13 (R&D Systems, #213-ILB) for 48 h. M2 macrophage infiltration assays were applied through seeding 1.0×105 M2 macrophage cells (300μl) without serum in the upper chamber of a Transwell plate for 48 h (size 5mm, Corning, NY, USA). In bottom plate, U87 and U251 glioma cells (1.0×105) were cultured with10% FBS in DMEM (700μl). After incubation for 48 h, the cells in the upper chamber were fixed with 4% paraformaldehyde for 10 min and stained with 0.1% crystal violet for 10s. The infiltrated M2 macrophage cells were counted in three randomly selected fields from each membrane.



Subcutaneous Xenograft Experiment

All mouse experiments were conducted in accordance with protocols approved by the Tianjin medical university animal care and use committee and followed guidelines for animal welfare. Four-week-old BALB/c female nude mice were purchased from Beijing HFK Bioscience Co.,LTD. The tumor masses were subcutaneously embedded in nude mice and the nude mice were randomly divided into two groups (n=5) when the tumor masses grew to 4 to 5mm in diameter. These two groups were control group and siALKBH5 group. After that, tumor volumes were measured every 2 days and ALKBH5 siRNA were injected into the siALKBH5 group at a dose of 10 μL of siRNA versus 10 μL of Lipofectamine ™ 3000 per nude mouse. After 21 days, mice were euthanatized, subcutaneous tumors were removed and images were collected. The tumor volume was calculated with the formula Volume= (length × width2)/2.



Statistical Analysis

Through the online databases mentioned above, the statistical analysis was automatically computed in this study. These results were considered as statistically significant at *P<0.05, **P<0.01, ***P<0.001 and ****P<0.0001.




Results


ALKBH5 Expression Is Upregulated in Multiple Tumors Including Gliomas

The flowchart of this study is shown in Supplementary Figure 1. The normalized expression (NX) levels of ALKBH5 were analyzed in various tumor tissues and their corresponding adjacent normal tissues as well as various tumor cells and the corresponding non-tumor cells in The Human Protein Atlas (THPA) database. ALKBH5 mRNA expression levels were higher in the normal human skeletal muscle, heart muscle, and tongue tissues (NX>50; Figure 1A). In most other normal human tissues, ALKBH5 mRNA expression level was detectable (NX>10) but low (NX<50) (Figure 1A). Moreover, TCGA database analyses of tumor tissues from 33 cancer types showed that ALKBH5 mRNA expression levels were tumor-specific and had the highest expression in Sarcoma (Figure 1B). TCGA and GTEx database analyses showed that the ALKBH5 mRNA levels were upregulated in the adrenocortical carcinoma (ACC), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck cancer (HNSC), kidney renal clear cell carcinoma (KIRC), acute myeloid leukemia (LAML), brain lower grade glioma (LGG), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), prostate adenocarcinoma (PRAD), skin cutaneous melanoma (SKCM), stomach adenocarcinoma (STAD), testicular germ cell tumors (TGCT), thyroid carcinoma (THCA) and uterine carcinosarcoma (UCS) tumor tissues compared to the corresponding normal tissues, while decreased in kidney renal papillary cell carcinoma (KIRP), rectum adenocarcinoma (READ) and uterine corpus endometrial carcinoma (UCEC) (All abbreviations showed in Supplementary Table 1) (Figure 1C).




Figure 1 | ALKBH5 expression levels in normal tissues and cancers. (A) ALKBH5 consensus Normalized eXpression (NX) levels for 54 normal tissue types and 7 blood cell types, generated by the three transcriptomics datasets (GTEx, HPA and FANTOM5); (B) ALKBH5 mRNA expression levels in 33 different tumor types from TCGA database via GEPIA2 portal (Sarcoma with the highest expression is shown in red label); (C) ALKBH5 mRNA expression levels in different tumors and corresponding normal tissues from TCGA and GTEx database by SangerBox. Red label tumors represented up-regulation of ALKBH5 compared with corresponding normal tissues, blue label tumors represented down-regulation of ALKBH5 compared with corresponding normal tissues, and black label tumors represented no significant difference of ALKBH5 between tumor tissues and corresponding normal tissues or absence of normal samples. *P<0.05, **P<0.01, ***P<0.001.



Next, we analyzed ALKBH5 mRNA expression levels in different WHO grades, subtypes, and new types of gliomas. Glioblastoma is classified into four subtypes (classical, mesenchymal, neural, and proneural) based on the molecular signatures (41). The gliomas are classified into the following three types according to the fifth edition of the World Health Organization (WHO) classification of tumors of the Central Nervous System (CNS) (WHO CNS5): IDH-mutant and 1p/19q-codeleted (mut+codel) oligodendroglioma, IDH-mutant (mut+non-codel) astrocytoma, and IDH-wildtype (IDH-wild) glioblastoma (42). CGGA and TCGA database analyses showed that ALKBH5 expression levels were positively associated with glioma grades (Figure 2A). Moreover, the expression levels of ALKBH5 mRNA correlated with the WHO CNS5 types and glioma subtypes (Figures 2B, C). Analysis of 100 glioma cases collected also showed that ALKBH5 expression level was positively correlated with glioma grade, which was consistent with our analysis results in CGGA and TCGA databases (Figure 2D). Isocitrate dehydrogenase (IDH) mutations and chromosomal 1p/19q codeletions are associated with better survival outcomes of glioma patients (43). Furthermore, promoter methylation status of the O6-methylguanine DNA methyltransferase (MGMT) is a prognostic indicator of the clinical response to treatment of glioblastoma patients with temozolomide (TMZ) (44). Then, we explored the relationship between ALKBH5 mRNA expression and the status of IDH gene mutations, 1p/19q codeletion, and MGMT promoter methylation. Analysis of the TCGA database and the CGGA_325, CGGA_693 datasets showed significantly higher ALKBH5 mRNA levels in the glioma patients with wild-type IDH and chromosomal 1p/19q non-codeletion, and significantly reduced in the glioma patients with MGMT promoter methylation (Supplementary Figures 2A–C).




Figure 2 | Clinical and molecular characteristics of ALKBH5 in pan-cancer, including gliomas. (A) The correlation between ALKBH5 expression and glioma WHO grade (II, II and IV) in CGGA_325, CGGA_693 and TCGA datasets; (B) The correlation between ALKBH5 expression and glioma three types (oligodendroglioma, astrocytoma and glioblastoma) in CGGA_325, CGGA_693 and TCGA datasets; (C) The relationship between ALKBH5 expression and glioma subtypes (classical, mesenchymal, neural, and proneural) in CGGA_325, CGGA_693 and TCGA datasets; (D) The correlation between ALKBH5 expression and grades in 100 glioma samples, including grade II (n=30), grade III(n=20) and grade IV (n=50) samples; (E) Overall survival (OS) of different ALKBH5 expression level in 100 glioma samples. The GEPIA2 tool was used to perform OS (F) and disease-free survival (DFS) (G) analyses of different tumors in TCGA by ALKBH5 expression. Red label indicated positively correlated, blue label indicated negatively correlated. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.



Finally, we then investigated the expression characteristics of the ALKBH5 protein in 43 different normal tissues and various cancers using the THPA database, respectively. ALKBH5 protein expression was higher in most normal tissues and lower in soft tissues (Supplementary Figure 3A). ALKBH5 protein was localized in the nucleoplasm, cytosol, and golgi apparatus (Supplementary Figure 3B). NCBI database analysis showed that ALKBH5 protein was conserved in multiple species (Supplementary Figure 3C). CPTAC database analysis showed that ALKBH5 protein levels were significantly increased in the ovarian cancer, breast cancer, clear cell renal cell carcinoma (ccRCC), and lung adenocarcinoma tissues, and significantly reduced in the uterine corpus endometrial carcinoma (UCEC) tissues compared with the corresponding normal tissues (Supplementary Figure 3D).

In summary, our results showed that ALKBH5 mRNA and protein levels were upregulated in several tumors. Furthermore, ALKBH5 expression levels correlated with the grades, subtypes, and clinical features of gliomas.



ALKBH5 Expression Is Associated With the Prognosis of Various Tumors Including Gliomas

The prognostic value of ALKBH5 expression levels in multiple cancers was analyzed by comparing the rates of overall survival (OS), progression free survival (PFS), disease free survival (DFS), post progression survival (PPS), first progression (FP), and relapse free survival (RFS) in the cancer patients with high or low ALKBH5 expression levels.

GEPIA2 database analysis of the pan-cancer cohorts showed that OS was significantly reduced in BLCA (HR=1.5), LAML (HR=2.0), LGG (HR=1.6), and UVM (HR=4.9) patients with high ALKBH5 mRNA expression levels and significantly increased in CESC (HR=0.62) patients with high ALKBH5 mRNA expression levels (Figure 2F). The results showed that patients with high ALKBH5 mRNA expression level had a worse prognosis (OS) than those with low ALKBH5 mRNA expression in BLCA, LAML, LGG and UVM. Furthermore, DFS was significantly reduced in the ACC (HR=3.5) and LGG (1.4) patients with high ALKBH5 mRNA expression levels and significantly increased in the OV (HR=0.78) patients with high ALKBH5 mRNA expression levels (Figure 2G). The results suggested that patients with high ALKBH5 mRNA expression level had a worse prognosis (DFS) than those with low ALKBH5 mRNA expression in ACC and LGG. Cox regression analysis of the SangerBox database showed that ALKBH5 mRNA expression levels were associated with OS and disease specific survival (DSS) of patients with multiple cancers. The results showed that the high mRNA expression of ALKBH5 was associated with shorter OS in KICH (HR=7.29), LGG (HR=3.42), LAML (HR=2.11), GBM (HR=1.60) and BLCA (HR=1.40) and shorter DSS in KICH (HR=10.50), LGG (HR=3.23), GBM (HR=1.56) and BLCA (HR=1.42) (Supplementary Figures 4A, B). Furthermore, integrated analysis of GEO, EGA, and TCGA databases in the Kaplan-Meier Plotter website showed that ALKBH5 mRNA expression was negatively associated with the OS and PFS rates of ovarian cancer patients, OS, FP and PPS rates of gastric cancer patients, and OS and PPS rates of lung cancer patients (Supplementary Figures 4C–E). ALKBH5 mRNA expression showed positive association with OS, PFS, and RFS rates of liver cancer patients (Supplementary Figure 4F).

The correlation between ALKBH5 mRNA expression levels and the prognosis of patients with primary glioma, recurrent glioma, low grade glioma (LGG) or glioblastoma (GBM) was investigated using the CGGA and TCGA datasets. In the CGGA_325, CGGA_693, and TCGA datasets, high ALKBH5 expression levels were associated with shorter OS in primary glioma and LGG patients (Supplementary Figures 5A–C). Analysis of 100 glioma cases also showed that glioma patients with high ALKBH5 mRNA expression levels had shorter OS compared with patients with low ALKBH5 expression level (Figure 2E). Then, Cox regression analyses demonstrated that tumor grade, chemotherapy, IDH mutation status, 1p/19q codeletion, and ALKBH5 mRNA expression levels were independent prognostic predictors based on the CGGA_325 combined with CGGA_693 dataset (Supplementary Figure 6A). In TCGA database, tumor grade, age of patients, IDH mutation status and 1p/19q codeletion were independent prognostic predictors (Supplementary Figure 6B). The nomograms were constructed by combining all the independent prognostic markers, namely, tumor grades, ALKBH5 mRNA expression levels, IDH mutation status, 1p/19q codeletion status and MGMT promoter status, based on the results of the Cox regression analysis (Supplementary Figures 6C, D).

The prognostic efficacy of the factors included in the nomogram were analyzed in the glioma patients from the CGGA_325 and CGGA_693 datasets. The results showed that ALKBH5 mRNA expression levels significantly correlated with the prognosis of glioma patients with different IDH mutations, 1p/19q codeletion, and MGMT promoter status; the high mRNA expression of ALKBH5 negatively correlated with the prognosis of glioma patients in the CGGA_325 and CGGA_693 datasets (Supplementary Figures 7A–C). ALKBH5 mRNA expression was associated with the prognosis of the glioma patients in the CGGA_325 and CGGA_693 datasets, but was independent of chemotherapy and/or radiotherapy (Supplementary Figures 7D, E).

Overall, the results demonstrated that the ALKBH5 mRNA and protein expression levels were associated with the prognosis of multiple cancers. Moreover, higher ALKBH5 mRNA and protein expression was associated with poorer prognosis of glioma patients.



Alterations in the ALKBH5 Gene Are Associated With Development and Progression of Multiple Tumors Including Gliomas

Genetic alterations such as the mutations, deletions, or amplifications of oncogenes or tumor suppressor genes are associated with growth and progression of several tumors (45). Therefore, we first analyzed different types of alterations including mutations, structural variations, amplifications, and deep deletions in the ALKBH5 gene in using the TCGA cancer datasets with the cBioPortal portal. The most common genetic alteration in the ALKBH5 gene were amplifications in the sarcomas (>8%), uterine carcinosarcomas, liver hepatocellular carcinoma and pancreatic adenocarcinomas; mutations (1.3%) in the bladder urothelial carcinomas; and deep deletions (>2%) in the diffuse large B-cell lymphomas (Figure 3A). TIMER database analysis showed that BLCA (6/411), BRCA-Her2 (1/79), and UCEC (6/531) were the top 3 cancers with the highest ALKBH5 gene mutation rates (Figure 3B). cBioPortal database analysis showed that missense mutations were the main type of ALKBH5 gene mutations in cancers (Figure 3C).




Figure 3 | Distinct genomic profiles associated with ALKBH5 expression and integrative analysis of complex cancer genomics and clinical profiles. (A) Genetic alteration features (Mutation, Structural Variant, Amplification and Deep Deletion) of ALKBH5 in 32 different tumors were analyzed in TCGA database by the cBioPortal tool. The red label represented the tumors with the top 3 levels of amplification. The green label represented the tumor with the highest mutation level and the blue label represented the tumor with the highest deep deletion level; (B) Mutation rates of ALKBH5 gene in various tumors via TIMER portal; (C) The mutation sites of ALKBH5 in multiple tumors by the cBioPortal tool. Detection of differential somatic mutations in gliomas, including 25% ALKBH5low group (D) and 25% ALKBH5high group (E). Only the top 20 genes with the highest mutation rates were shown; (F) The CNAs profile analysis about 25% ALKBH5low group and 25% ALKBH5high group in TCGA dataset via GISTIC2.0; (G) Frequency of amplifications and deletions in gliomas with low and high ALKBH5 expression (Blue, deletion; red, amplification).



Next, the relationship between ALKBH5 expression and specific genomic characteristics such as somatic mutations and copy number variations (CNVs) was analyzed in the TCGA glioma dataset. The ALKBH5high group (n = 166) showed high frequency of somatic mutations in the TP53 (37%), TTN (31%), PTEN (30%), and EGFR (24%) genes and the ALKBH5low group (n = 166) showed high frequency of mutations in the IDH1 (66%), TP53 (46%), ATRX (32%), and CIC (24%) genes (Figures 3D, E). The comparison of the CNV profiles in the ALKBH5low (n = 166) and ALKBH5high (n = 166) samples is shown in Figure 3F. In the ALKBH5high samples, we observed amplification peaks in the 1q32.1, 3q26.33, 4q12, 7p11.2, 8q24.22, and 12q15 chromosomal regions, and deletions in the 1p36.23, 4q34.3, 9p21.2, 13q14.2 and 13q22.1 chromosomal locations. In the ALKBH5low samples, we observed amplification peaks in the 4q12, 7p11.2, 12q13.3 and 19p13.3 chromosomal locations and frequent deletions in the 4q35.1 and 9p21.3 chromosomal regions (Figure 3G).

Overall, these results showed ALKBH5 gene mutations, amplifications, and deletions in multiple tumors. Missense mutations were the most frequent type of ALKBH5 gene mutations in various tumors. Moreover, the glioma tissues showed distinct somatic mutations and CNVs based on the expression levels of ALKBH5. This suggested that alterations in the ALKBH5 gene may regulate the initiation, growth and progression of various tumors, especially gliomas.



ALKBH5 and Related Genes Regulate Immunity, Immune Signaling, and Metabolism in Gliomas and Other Cancer Types

STRING database analysis identified ten ALKBH5-binding proteins, namely, FTO, METTL3, METTL14, ALKBH1, YTHDC1, YTHDF1, JMJD4, YTHDF2, DDX3X and WTAP as shown in the protein-protein interaction (PPI) network (Figure 4A). GEPIA2 database analysis of 33 cancer types showed the following top 10 ALKBH5-related genes: GID4 (R=0.71), TOP3A (R=0.67), MAPK7 (R=0.66), NT5M (R=0.61), FLII (R=0.59), ZNF18 (R=0.57), DRG2 (R=0.57), COPS3 (R=0.56), MED9 (R=0.56) and PRPSAP2 (R=0.56) (all P<0.0001; Figure 4B). TIMER2 database was then used to confirm the association between ALKBH5 and the top 9 ALKBH5-related genes (GID4 was not annotated in TIMER2 portal) in 40 cancer types (Figure 4C).




Figure 4 | ALKBH5-related genes enrichment analysis in pan-cancers. (A) ALKBH5-binding proteins were displayed using the STRING tool (DDX3X, YTHDC1, YTHDF1, YTHDF2, FTO, METTL3, METTL14, WTAP, JMJD4, ALKBH1); (B) The top 10 ALKBH5-correlated genes was displayed in various tumors and the correlations between ALKBH5 expression and selected targeting genes were analyzed via the GEPIA2 website. These top 10 genes included GID4 (R=0.71), TOP3A (R=0.67), MAPK7 (R=0.66), NT5M (R=0.61), FLII (R=0.59), ZNF18 (R=0.57), DRG2 (R=0.57), COPS3 (R=0.56), MED9 (R=0.56) and PRPSAP2 (R=0.56). The P-value and partial correlation (R) were generated via the purity-adjusted Spearman’s rank correlation test; (C) The corresponding heatmap data of ALKBH5 and its positively correlated genes in various tumors via TIMER2.0.



Next, in order to further exploring the biological functions of ALKBH5 in glioma. GO-BP and KEGG enrichment analyses of ALKBH5-related genes in glioma was performed. Figures 5A–C showed the enrichment patterns of the top 200 genes positively (100 genes) or negatively (100 genes) correlated with ALKBH5 expression in glioma from the CGGA_325, CGGA_693 and TCGA databases. In CGGA_325 and CGGA_693 databases, GO-BP analyses showed wnt signaling pathway, stimulatory C-type lectin receptors signaling pathway, innate immune response activating cell surface receptor signaling pathway, cell-cell signaling by wnt, interleukin-1-mediated signaling pathway and NIK/NF-kappaB signaling (Figures 5D, E). In TCGA database, GO-BP analysis showed response to hypoxia and response to oxygen levels (Figure 5F). These results showed that ALKBH5 could regulate immunity and metabolism correlated signaling pathways in glioma. In addition, GSE93054 dataset was used to further exploring the correlation between ALKBH5 and immunity and metabolism. Figure 5G showed the 1150 intersectional genes of differentially expressed genes in GSC11 (3032 differentially expressed genes) and GSC17 (5158 differentially expressed genes) cell lines after ALKBH5 knockdown in GSE93054 dataset. The GO-BP analysis of these 1150 genes showed the enrichment processes, including cell cycle process, DNA metabolic process, DNA repair, DNA replication and cell cycle checkpoint in Figure 5H. And the KEGG enrichment analysis showed that these 1150 genes enriched in the cell cycle, FoxO signaling pathway, DNA repair, p53 signaling pathway, Homologous recombination, Hedgehog signaling pathway and so on (Figure 5I).




Figure 5 | ALKBH5-related genes enrichment analysis in glioma by CGGA_325, CGGA_693 and TCGA datasets. (A-C) Heatmap showing the enrichment patterns of the top 200 genes positively (100) or negatively (100) correlated with ALKBH5 expression of glioma in the CGGA_325, CGGA_693 and TCGA databases. (D-F) Alterations in different classifications of biological functions in gliomas samples with ALKBH5 expression in the CGGA_325, CGGA_693 and TCGA databases. (G) Venn diagram showing the 1150 intersectional genes of differentially expressed genes in GSC11 (3032 differentially expressed genes) and GSC17 (5158 differentially expressed genes) cell lines after ALKBH5 knockdown in GSE93054 dataset. The GO-BP (H) and KEGG (I) pathway enrichment analyses were applied with the 1150 intersectional genes of differentially expressed genes in GSE93054 dataset. Red label indicated that these GO-BP or KEGG analysis was associated with cell cycle, DNA damage repair, metabolism, or immunity.



These results indicated that ALKBH5 expression was associated with cell cycle, DNA damage repair, metabolism, or immunity. Therefore, we then studied the relationship between ALKBH5 and immune in a variety of tumors.



ALKBH5 Regulates Tumor Infiltration of Immune Cells in Multiple Human Cancers

The above results suggested that ALKBH5 may regulate the tumor immune microenvironment (TIM) in multiple cancer types, we studied the relationship between ALKBH5 expression levels and the composition of tumor infiltrating immune cells (TIICs) in various tumors. Several studies have shown that TIICs are important components of the tumor microenvironment and regulate tumor initiation, progression, and metastasis (46, 47). Firstly, we evaluated the correlation between ESTIMATE scores (ESTIMATE, immune, and stromal scores) and ALKBH5 expression levels in pan-cancers. Immune score reflects the proportion of infiltrated immune cells in the tumor tissues; stromal score reflects the proportion of stromal cells in the tumor tissues. ESTIMATE score is the sum of immune and stromal scores, and reflects the status of the tumor immune microenvironment and tumor purity. Our results demonstrated negative correlation between ALKBH5 expression and the ESTIMATE, immune, and stromal scores in LUAD, LUSC, UCEC, LIHC, CESC, SARC, BRCA and THCA (Figure 6A). This suggested that high ALKBH5 expression was associated with decreased infiltration of immune and stromal cells in several tumors, thereby resulting in high tumor purity. Conversely, ALKBH5 expression showed positive correlation with ESTIMATE, immune, and stromal scores in COAD, LGG, and UVM (Figure 6A). Supplementary Figure 8 showed the positive correlations between ALKBH5 mRNA expression level and ESTIMATE score, Immune score and Stromal score in glioma.




Figure 6 | ALKBH5 mRNA expression and immune infiltration. (A) The correlations between ESTIMATE scores (ESTIMATE Score, Immune Score, and Stromal Score) and ALKBH5 expression were analyzed in various tumors by Sangerbox portal. (B) The relationship between ALKBH5 expression and immune cell infiltration level was analyzed in various tumors by Sangerbox online website. The relationship between ALKBH5 mRNA expression and MSI (C), TMB (D), neoantigen (E) and ICP-gene (F) in multiple cancers. Red label indicated positive correlation with ALKBH5 expression and blue label indicated negative correlation with ALKBH5 expression. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.



Then, we investigated the relationship between ALKBH5 expression and TIIC levels in various tumors using the Sangerbox database. ALKBH5 expression showed negative correlation with multiple immune cell types in LUAD, LUSC, UCEC, CESC, SARC, BRCA, and THCA, and positive correlation with immune cell types in COAD, LGG and UVM (Figure 6B). The immune cell types included activated CD4+ and CD8+ T cells, activated dendritic cells, central memory CD4+ and CD8+ T cells, effector memory CD4+ and CD8+ T cells, gamma delta T cells, immature B cells, macrophages, MDSCs, memory B cells, natural killer cells, natural killer T cells, and regulatory T cells (Figure 6B).



ALKBH5 Regulates Interferon Signaling, Lymphocyte Activation, and Activation of Antigen-Presenting Cells in Glioma

Since ALKBH5 expression shows positive correlation with tumor infiltration of immune cells in LGG, we further analyzed the relationship between ALKBH5 and tumor infiltrating immune cells in glioma using the ImmuCellAI and xCell databases. ALKBH5 expression levels showed positive correlation with various TIICs in the CGGA_325, CGGA_693, and TCGA glioma datasets; moreover, ALKBH5 expression correlated with the proportions of immune and stromal cells in the gliomas (Figure 7 and Supplementary Figure 9). This suggested that ALKBH5 expression modulated the recruitment of immune cells into the glioma and may affect the sensitivity of glioma patients to immunotherapy.




Figure 7 | Correlation between ALKBH5 mRNA expression and tumor immune-related cells in glioma. The correlation between ALKBH5 mRNA expression and immune cells types in glioma calculated by xCell algorithm in CGGA_325, CGGA_693 and TCGA datasets. ns (nonsense), *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.



We then further investigated the effects of ALKBH5 expression on the tumor immune microenvironment (TIM) of glioma by screening seven metagenes, namely, HCK, IgG, Interferon, LCK, MHC-I, MHC-II, and STAT1, which reflect the status of inflammation and immune responses (48, 49). Our results showed higher enrichment scores for the lymphocyte-specific kinase (LCK), major histocompatibility complex I (MHC-I), major histocompatibility complex II (MHC-II) and signal transducer and activator of transcription 1 (STAT1) metagenes in glioma patients with high ALKBH5 expression levels from the CGGA_325, CGGA_693, and TCGA datasets (Supplementary Figure 10). This suggested that ALKBH5 expression regulated interferon signaling, lymphocyte activation, and activation of antigen-presenting cells in the gliomas.



ALKBH5 Correlates With Immune Checkpoint Blockade Proteins and Is a Potential Biomarker of Tumor Immunotherapeutic Response in Multiple Tumors

Antitumor immunity is a strong predictor of the efficacy of tumor immunotherapy and correlates with microsatellite instability (MSI), tumor mutation burden (TMB), and neoantigens in the tumor microenvironment (50). Tumors with high MSI (MSI-H) and TMB respond favorably to immune checkpoint inhibition therapies (51). Neoantigens are mutated antigens that are specifically expressed by the tumor tissues and are potential targets for T cell-based tumor immunotherapy (52). Therefore, we investigated the relationship between ALKBH5 expression levels and MSI, TMB or neoantigens to determine if ALKBH5 was a predictor of immunotherapeutic responses in multiple cancer types. ALKBH5 expression showed positive correlation with MSI in LUAD (P=0.038), UCEC (P=3.6e-06), CESC (P=0.027), COAD (P=1e-19) and READ (P=0.017), and negative association with MSI in PRAD (P=0.0071), THCA (P=0.0036), DLBC (P=0.026) and KICH (P=0.023) (Figure 6C). Furthermore, ALKBH5 expression showed positive relationship with TMB in UCEC (P=2.3e-10), CESC (P=0.0036), COAD (P=1.7e-12), STAD (P=0.026), READ (P=2.3E-07) and KICH (P=0.014), and negative association with TMB in LUAD (P=0.047) and THCA (P=0.014) (Figure 6D). ALKBH5 expression also showed positive correlation with neoantigens in UCEC (P=0.0015), COAD (P=0.0072), READ (P=0.0069) and LGG (P=0.012), and negative association with neoantigens in BRCA (P=0.003) and THCA (P=0.0086) (Figure 6E).

The immune checkpoint (ICP) blockade proteins are the most promising targets of cancer immunotherapeutic treatments because they regulate the infiltration of immune cells into the tumor microenvironment (48). Therefore, we analyzed the relationship between expression levels of ICP genes and ALKBH5 in multiple cancer types. ALKBH5 expression showed a positive correlation with ICP genes in UVM, KICH, LGG and COAD (Figure 6F). ALKBH5 expression showed positive correlation with 34 out of 47 ICP genes in COAD and 32 out of 47 ICP genes in UVM (Figure 6F). These results suggested that ALKBH5 affected the sensitivity of UVM, KICH, LGG and COAD to the immune checkpoint inhibitor therapies. In THCA, ALKBH5 expression showed negative correlation with the ICP genes (Figure 6F). This suggested that THCA patients with high ALKBH5 expression may respond poorly to immunotherapies targeting ICP genes. Next, we analyzed the correlation between ALKBH5 and various ICP receptors and ligands in glioma patients from the CGGA_325, CGGA_693, and TCGA datasets (49). ALKBH5 expression showed positive association with ICP receptors such as TNFRSF14, CD40, CD96 and CD200R1, and ICP ligands such as PDCD1LG2, CD70, TNFSF14, ICOSLG and CD274 in glioma tissues (Supplementary Figure 11). Therefore, we hypothesized that high ALKBH5 expression altered the immune microenvironment in the glioma tissues by modulating the expression levels of ICP receptors and ligands such as TNFRSF14, CD40, CD96, PDCD1LG2, CD70 and TNFSF14. This suggested that ALKBH5 mediated the activation of ICP genes and was an ideal target for immunotherapy of glioma patients.

Overall, our results suggested that ALKHB5 expression levels modulated the sensitivity of several tumors to immunotherapy. Therefore, ALKBH5 is a potential immunotherapy biomarker and predictor of tumor immunotherapeutic response.



Construction of the Upstream lncRNA-miRNA Regulatory Network That Regulates ALKBH5 Expression Levels in Gliomas and Other Tumors

In recent years, several studies have shown that long non-coding RNAs (lncRNAs) play a significant role in tumorigenesis by regulating the expression of the downstream mRNAs through sequestering of their target miRNAs (53, 54). Therefore, we investigated the lncRNA-miRNA network that may regulate ALKBH5 expression in various tumors. First, we screened the miRWalk, miRDB, Targetscan, and miRabel databases and identified 49 miRNAs that potentially target the ALKBH5 mRNAs (Figure 8A). The top 10 ALKBH5 mRNA-targeting miRNAs were hsa-miR-4732-5p, hsa-miR-193a-3p, hsa-miR-362-3p, hsa-miR-193b-3p, hsa-miR-589-5p, hsa-miR-4736, hsa-miR-6840-3p, hsa-miR-329-3p, hsa-miR-5008-5p and hsa-miR-6132 (Figure 8B).




Figure 8 | The lncRNA-miRNA-ALKBH5 regulatory network constructed. (A) The upstream miRNAs of ALKBH5 were predicted by miRWalk, miRDB, Targetscan and miRabel databases and the intersection was taken (49 intersection miRNAs). (B) The top 10 miRNAs targeting ALKBH5 were displayed in Targetscan database. (C)The relationship between hsa-miR-589 expression and grade in glioma from CGGA microRNA array dataset. (D) The relationship between hsa-miR-589 expression and prognosis in glioma patients from CGGA microRNA array dataset. (E)The lncRNA-miRNA-ALKBH5 regulatory network was constructed by Cytoscape. ns (nonsense), ****P<0.0001.



Among these 10 ALKBH5 mRNA-targeting miRNAs, 5 miRNAs (hsa-miR-193a-3p, hsa-miR-362-3p, hsa-miR-193b-3p, hsa-miR-589-5p and hsa-miR-329-3p) were found in the CGGA database (Figures 8C, D and Supplementary Figure 12). Bioinformatics analysis showed that the expression levels of hsa-miR-193a-3p (Supplementary Figure 12A), hsa-miR-362-3p (Supplementary Figure 12C), and hsa-miR-193b-3p (Supplementary Figure 12E) were positively associated with glioma grades, whereas, the expression levels of hsa-miR-589-5p (Figure 8C) and hsa-miR-329-3p (Supplementary Figure 12G) showed negative correlation with glioma grades. Kaplan-Meier survival curve analysis of glioma patients in the CGGA database showed that hsa-miR-589-5p was associated with the prognosis of primary glioma patients (Figure 8D). The expression levels of hsa-miR-329-3p were not associated with the prognosis of glioma patients (Supplementary Figure 12H). These results suggested that hsa-miR-589-5p potentially targeted ALKBH5 expression in the gliomas.

Next, we identified 769 predicted lncRNAs and 73 validated lncRNAs that may target hsa-miR-589-5p using the LncBase database. The top 20 predicted lncRNAs and top 20 validated lncRNAs were used to construct a lncRNA-miRNA-ALKBH5 regulatory network using the cytoscape software (Figure 8E). These results demonstrated the upstream lncRNA-miRNA regulatory network that may regulate the aberrant expression of ALKBH5 in the gliomas.



ALKBH5 Promotes In Vitro and In Vivo Proliferation, Migration, and Invasion of Glioma Cells and Affect the Recruitment of M2 Macrophages

Next, we analyzed ALKBH5 expression levels in various glioma cell lines by qRT-PCR. ALKBH5 mRNA levels were significantly higher in the U87-MG and U251-MG cell lines compared to the other glioma cell lines and were consistent with the results from the CCLE database (Figure 9A and Supplementary Figure 13). We then used specific ALKBH5-targeting siRNAs to knockdown the expression levels of ALKBH5 in the U87-MG and U251-MG cells (Figure 9B). And ALKBH5 was overexpressed by using the ALKBH5 overexpression plasmid (Supplementary Figure 14A). CCK-8 assay, Wound healing assay and Transwell assay results showed that ALKBH5 knockdown suppressed the cell proliferation, migration and invasion of U87-MG and U251-MG and ALKBH5 overexpression promoted the cell proliferation, migration and invasion of LN229 in vitro (Figures 9C-G and Supplementary Figures 14B–D). Moreover, THP-1 cells were differentiated into M2 macrophage on the basis of classical inducing methods (Supplementary Figure 15) (55–57). Silencing of ALKBH5 in U87 and U251 cells significantly reduced the infiltration of M2 macrophages (Figure 9H), consisting with the results of our previous analysis (Figure 7 and Supplementary Figure 9). Furthermore, tumor xenograft experiments showed that ALKBH5 knockdown suppressed the in vivo growth of glioma cells (Figures 9I–K). These results showed that ALKBH5 promoted in vitro and in vivo proliferation, migration, and invasion of glioma cells.




Figure 9 | The biological functions of ALKBH5 in glioma. (A) The expression levels of ALKBH5 were verified in multi-cell lines, including human astrocyte (HA), U87, LN229, U251, A172 and B19 cell lines. (B) Verification of knockdown efficiency of ALKBH5 in U87 and U251 cell lines. The biological functions of ALKBH5 on glioma cell lines were verified by CCK-8 (C), wound healing (D, E) and Transwell (F, G) experiments. Xenograft mouse models were generated by subcutaneous injection of U87 cells into nude mice. Seven days after implanted, mice were treated with control siRNA (n=8) or ALKBH5 siRNA (n=8). (H) Infiltration of M2 macrophage in control (left), siALKBH5#1 (middle), siALKBH5#2 (right) of U87 and U251 cells. Representative image of subcutaneous tumors (I), tumor weight (J) and tumor growth curve (K), in si-ALKBH5 treated or control siRNA treated xenograft models with U87 cells. ns (nonsense), *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.






Discussion

N6-methyladenosine (m6A) modification is the most common chemical modification in messenger RNAs (mRNAs), and non-coding RNAs (ncRNAs) (58). The reversible N6-methylation of adenosine is a dynamic post-transcriptional modification process involving three protein complexes, namely, m6A readers, m6A writers, and m6A erasers (59). Several studies have shown that aberrant m6A modification regulates the development, growth, and progression of various tumors (1).

ALKBH5 is a m6A demethylase that is associated with the development and progression of multiple cancer types (60), such as glioblastoma, ovarian cancer, lung cancer, liver cancer, pancreatic cancer and osteosarcoma. However, pan-cancer analysis of ALKBH5 has not been investigated. Therefore, we investigated the functional role of ALKBH5 in multiple tumors, especially gliomas. The analysis included the effects of ALKBH5 RNA expression levels on prognosis, as well as the genetic alterations in the ALKBH5 gene, GO and KEGG analyses of ALKBH5-related genes, and tumor immunity. We also investigated the upstream lncRNA-miRNA network that regulates ALKBH5 expression in gliomas and its effects on glioma progression.

In this study, we first performed comprehensive bioinformatics analysis to determine the functional role of ALKBH5 in multiple cancers using the patient data from various databases. The results showed that ALKBH5 mRNA and protein levels were upregulated compared to the corresponding normal tissues in multiple cancers including glioma. Our analysis was confirmed by the previous studies. ALKBH5 mRNA was increased in epithelial ovarian cancer tissue as compared to the normal ovarian tissues and ALKBH5 silencing could inhibit the proliferation and invasion of epithelial ovarian cancer cells (16). Xu et al. found that ALKBH5 protein expression was increased in colon cancer and could promote colon cancer progression by decreasing methylation of the lncRNA NEAT1 (61). Gu et al. discovered that the mRNA and protein expressions of ALKBH5 were overexpressed in endometrial cancer cells and promoted proliferation and invasion of endometrial cancer via erasing IGF1R m6A-modifications (62). For glioma, Ji et al. found that the mRNA and protein expressions of ALKBH5 were upregulated in glioma and promoted the glioma cells proliferation by increasing the mRNA stability of G6PD (63). ALKBH5 expression was associated with tumor grades, subtypes, and new WHO tumor types (IDH mut+codel, IDH mut+non-codel and IDH wild) in glioma. The pan-cancer analysis showed correlation between ALKBH5 mRNA expression and the prognosis of cancer patients. Analysis of 100 glioma cases discovered that glioma patients with high ALKBH5 expression levels had shorter OS compared with patients with low ALKBH5 expression level. IDH mutations, considered as truncal events, are occurred in the vast majority of low-grade gliomas (LGG) and secondary GBM (64). The 2016 WHO Classification of CNS tumors included several tumor-specific molecular alterations in the classification and diagnosis of gliomas. The 1p/19q co-deletion status were included in the oligodendroglioma stratification. Multiple studies have shown that 1p/19q co-deletion had significant prognostic value in the WHO oligodendrocytoma subgroup (49). In our studies, high ALKBH5 expression was associated with clinical features such as IDH wildtype status, 1p/19q non-codeleted status, and demethylation of MGMT, all of which were related to poor prognosis in the glioma patients. Cox regression analysis showed that ALKBH5 was an independent prognostic predictor in glioma patients. Recent research showed that ALKBH5 mRNA and protein expression were upregulated in glioblastoma stem-like cells (GSCs) and ALKBH5 could maintain the tumorigenicity of GSCs by maintaining FOXM1 expression (15). And Guo et al. found that lncRNA SOX2OT could enhance SOX2 expression through ALKBH5-mediated epigenetic regulation in glioblastoma, thereby promoting temozolomide resistance (65). Moreover, Catherine Seva et al. reported that ALKBH5 promoted radio-resistance and invasion capability of glioblastoma stem cells (GBMSCs) (66). These findings demonstrated that high ALKBH5 expression was associated with unfavorable survival outcomes in gliomas. Overall, our analysis showed that ALKBH5 was a potential prognostic biomarker in various cancers, especially in glioma.

Somatic mutations in critical genes transform normal cells into cancer cells (67). Moreover, somatic mutations in the cancer cells contribute significantly to immune evasion and poor responses to therapies (68). We identified amplifications, mutations, and deep deletions as the most frequent alterations in the ALKBH5 gene in several cancer types. In this study, gliomas with low ALKBH5 expression showed higher proportion (66%) of IDH1 mutations compared to those with high ALKBH5 expression (21%). Previous reports showed that IDH mutations were more abundant in LGG, and the survival rate of LGG patients was higher than those with HGG (69). The low ALKBH5 expressing glioma patients (46%) also showed increased frequency of mutations in TP53 compared to the high ALKBH5 expressing group (37%). TP53 is a well-known tumor suppressor gene that inhibits GBM progression. The high ALKBH5-expressing glioma patients showed higher EGFR mutational rate compared to those with low ALKBH5 expression (24% vs. 15%). Previous studies showed that EGFR activation in patients with GBM was associated with worse survival outcomes (70). Therefore, ALKBH5 is a potential prognostic biomarker for patients with glioma and multiple cancer types.

In order to explore the biological functions of ALKBH5, we applied GO and KEGG analysis of ALKBH5 related genes. GO and KEGG pathway enrichment analysis showed that high ALKBH5 expression correlated with the activation of metabolic and immune signaling pathways in various tumors. In glioma, ALKBH5 could affect immunity, metabolism, cell cycle, DNA damage repair via CGGA_325, CGGA_693, TCGA and GSE93054 datasets. We focused on the effect of ALKBH5 on immunity, for the significant role of immune system in preventing and fighting tumors. In recent years, cancer immunotherapy, restoring the immune system’s ability to recognize and destroy tumor cells, has shown significant clinical results, but only for a small number of tumors (64). And the tumor-infiltrating immune cells play a significant role in the tumor microenvironment (TME), which provides a favorable microenvironment for the survival of cancer cells, and is associated with regulation of tumor immunosurveillance and therapeutic response of tumors (71, 72). ESTIMATE analysis showed that high expression of ALKBH5 correlated significantly with the infiltration of immune cells and stromal cells in multiple cancers. These results suggested that ALKBH5 inhibited the infiltration of immune cells into tumors, thereby enabling the tumor cells to evade the immune system. Tariq M Rana et al. found that ALKBH5 could regulate the expression of Mct4/Slc16a3 and lactate content in tumor microenvironment, as well as the composition of tumor infiltrating Treg and bone marrow derived inhibitory cells, thereby inhibiting immune cells accumulation in tumor microenvironment in some tumors, which was consistent with our analysis (23).

In recent years, immunotherapy has been widely applied in tumors, but many solid tumors showed poor immunotherapy effect due to their special immunosuppressive microenvironment (49). As an immunologically “cold tumor”, glioma is considered to be highly resistant to immunotherapy. However, our research found that ALKBH5 expression was positively correlated with the infiltration of immune cells into the tumors in glioma and may affect the sensitivity of glioma patients to immunotherapy. Wu et al. found that ALKBH5 promoted the generation of immunosuppressive tumor microenvironment via hypoxia-induced paraspeckle assembly and IL8 secretion (73). These results suggested that ALKBH5 could be acted as a potential therapeutic target for glioma and as a novel marker to predict prognosis of glioma patients (74). In addition, analysis of the seven inflammation and immune related clusters suggested that high ALKBH5 expression activated the antigen-presenting cells and lymphocytes, and enhanced interferon signaling in the glioma tissues. Overall, these data suggested that glioma patients with high ALKBH5 expression may benefit from immunotherapy. This study provides theoretical basis for the application of immunotherapy in patients with glioma (49).

Recent studies have shown that tumors with high MSI (MSI-H), TMB or neoantigens show better response to immunotherapy (75). ICP proteins play a significant role in the tumor-infiltration of immune cells and immunotherapy (76). Therefore, ICP gene expression is used to select tumor patients that may benefit from immune checkpoint blockage (ICB) therapy (77). Our results showed that the expression of ALKBH5 was closely related to MSI, TMB, and neoantigens in various tumors. ALKBH5 expression correlated with the expression of multiple ICP genes in multiple cancers. This suggested that ALKBH5 regulated tumor immunity in several cancer types. Therefore, ALKBH5 may be a potential predictive biomarker of immunotherapeutic responses in patients with malignant tumors. Finally, we used Targetscan, miWalk, miRDB, miRabel and other websites to identify ALKBH5-targeting miRNAs and lncRNAs and constructed a lncRNA-miRNA-ALKBH5 regulatory network that regulates the abnormal expression of ALKBH5 in various cancers. Furthermore, in vivo and in vitro experiments with glioma cells showed that ALKBH5 acted as an oncogene and promoted the growth, migration, and invasiveness of the glioma cells. And ALKBH5 knockdown could reduce the infiltration of M2 macrophage in U87 and U251 cells.

In summary, our results suggested that ALKBH5 was aberrantly expressed in various cancers and significantly correlated with the prognosis of cancer patients. ALKBH5 gene alterations including mutations, duplications, and amplifications were identified in a wide variety of cancer types. ALKBH5 expression showed significant association with the infiltration of immune cells into the tumor microenvironment and immunotherapeutic response in multiple cancers. Therefore, ALKBH5 is a potential immunotherapeutic biomarker for selecting tumor patients that may benefit from immune checkpoint blockade (ICB) therapy in glioma and other cancers. In vitro and in vivo experiments confirmed that ALKBH5 functioned as an oncogene in gliomas. Our study suggested that ALKBH5 was a promising prognostic biomarker as well as a potential predictor of sensitivity to immunotherapy in several malignant tumors and glioma.
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Supplementary Figure 1
 | 
Flow chart of bioinformatics analyses.





Supplementary Figure 2
 | 
ALKBH5 expression in different IDH status, 1p/19q status and MGMT promotor status in glioma. The expression level of ALKBH5 in different IDH status (A), 1p/19q status (B) and MGMT promotor status (C) of gliomas in CGGA_325, CGGA_693 and TCGA databases. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 3
 | 
ALKBH5 protein expression, location and conservation. (A) ALKBH5 protein expression in 44 normal tissues via THPA portal; (B) Localization of ALKBH5 protein in cells was displayed via THPA portal; (C) Conservation of ALKBH5 protein among different species through NCBI; (D) ALKBH5 protein expression in multiple tumors compared with adjacent normal tissues in TCGA database, including ovarian cancer (P=0.0178), breast cancer (P<0.0001), clear cell RCC (P<0.0001), lung adenocarcinoma (P<0.0001) and UCEC (P=0.0126).





Supplementary Figure 4
 | 
Correlation between ALKBH5 mRNA expression and prognosis of tumor patients. The relationships between ALKBH5 expression level and OS (A) and DSS (B) of various cancers by SangerBox (P<0.05). The Kaplan-Meier plotter was applied to survival analysis by ALKBH5 mRNA expression level in ovarian cancer (C), gastric cancer (D), lung cancer (E) and liver cancer (F), including overall survival (OS), progression free survival (PFS), first progression (FP), post progression survival (PPS) and relapse free survival (RFS).





Supplementary Figure 5
 | 
The relationships between ALKBH5 expression and prognosis of glioma patients. Kaplan-Meier analysis of ALKBH5 expression in the overall survival of patients with primary gliomas (A), recurrent glioma, low grade glioma (LGG), and glioblastoma (GBM) in CGGA_325 (A), CGGA_693 (B) and TCGA (C) databases.





Supplementary Figure 6
 | 
Univariate and multivariate Cox analyses of ALKBH5 and clinical features in glioma. Univariate and multivariate Cox analyses of ALKBH5 and clinical features of glioma in CGGA_325 combined with CGGA_693 (A) and TCGA (B) databases. The nomogram model of ALKBH5 and clinical features in CGGA_325 combined with CGGA_693 (C) and TCGA datasets (D). *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 7
 | 
Prognosis analyses of glioma patients. Kaplan-Meier analyses of overall survival among four patient groups stratified by the ALKBH5 mRNA level and IDH status (A), 1p/19q status (B), MGMT promotor status (C), radiotherapy (D), and chemotherapy (E) in CGGA_325 and CGGA_693 datasets. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 8
 | 
Correlation between ALKBH5 mRNA expression and ESTIMATE Score in glioma. The correlations between ALKBH5 mRNA expression level and ESTIMATE Score (P=5.5e-3, R=0.13) (A), Immune Score (P=0.02, R=0.09) (B) and Stromal Score (P=9.0e-4, R=0.13) (C) of glioma in TCGA dataset.





Supplementary Figure 9
 | 
Relationship between ALKBH5 expression and immune cell infiltration in glioma. Comparison of immune cell infiltration between ALKBH5 high expression and ALKBH5 low expression groups in glioma by CGGA_325 (A), CGGA_693 (B) and TCGA (C) datasets via ImmuCellAl algorithm. Red asterisk represents the positive correlation between ALKBH5 expression and the level of immune cell infiltration, blue asterisk represents the negative correlation between ALKBH5 expression and the level of immune cell infiltration. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 10
 | 
Correlation analysis between ALKBH5 and immune and inflammatory-related metagenes in glioma. Enrichment scores of seven immune and inflammatory-related metagenes in glioma patients with different ALKBH5 mRNA expression level status in CGGA_325 (A), CGGA_693 (B) and TCGA (C) datasets. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 11
 | 
Correlation between ALKBH5 and immune checkpoint (ICP) genes in glioma. The correlation between ALKBH5 expression and ICP genes (receptors and ligands) of glioma in CGGA_325 (A), CGGA_693 (B) and TCGA (C) datasets. The red dots represent the positive correlation between ALKBH5 and ICP genes, while the green dots represent the negative correlation between ALKBH5 and ICP genes.





Supplementary Figure 12
 | 
The relationships between the expressions of miRNAs and grade and prognosis in glioma. The relationships between the expressions of has-miR-193a-3p (A, B), has-miR-362-3p (C, D), has-miR-193b (E, F) and miR-329 (G, H) and grades or prognosis of primary and recurrent glioma in CGGA microRNA array database. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 13
 | 
The abundance of ALKBH5 mRNA expression in a variety of glioma cell lines by CCLE database. Cell lines labeled in red (U87-MG, U251-MG, A172 and LN229) were used to detect the relative expression level of ALKBH5 in this study via qPCR.





Supplementary Figure 14
 | 
The biological functions of ALKBH5 in glioma. (A) Verification of overexpression efficiency of ALKBH5 via RT-qPCR in LN229 cell lines. The biological functions of ALKBH5 on LN229 cell lines were verified by CCK-8 (B), wound healing (C) and Transwell (D) experiments. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Supplementary Figure 15
 | 
Morphological changes of THP1 cells induced by PMA, IL-4 and IL-13. Morphological changes of THP1 cells were observed 24 h after PMA induction and 24h/48 h after IL-4 and IL-13 induction.
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Glioblastoma is the most common and aggressive form of primary brain cancer, with no improvements in the 5-year survival rate of 4.6% over the past three decades. T-cell-based immunotherapies such as immune-checkpoint inhibitors and chimeric antigen receptor T-cell therapy have prolonged the survival of patients with other cancers and have undergone early-phase clinical evaluation in glioblastoma patients. However, a major challenge for T-cell-based immunotherapy of glioblastoma and other solid cancers is T-cell infiltration into tumours. This process is mediated by chemokine-chemokine receptor and integrin-adhesion molecule interactions, yet the specific nature of the molecules that may facilitate T-cell homing into glioblastoma are unknown. Here, we have characterised chemokine receptor and integrin expression profiles of endogenous glioblastoma-infiltrating T cells, and the chemokine expression profile of glioblastoma-associated cells, by single-cell RNA-sequencing. Subsequently, chemokine receptors and integrins were validated at the protein level to reveal enrichment of receptors CCR2, CCR5, CXCR3, CXCR4, CXCR6, CD49a, and CD49d in glioblastoma-infiltrating T-cell populations relative to T cells in matched patient peripheral blood. Complementary chemokine ligand expression was then validated in glioblastoma biopsies and glioblastoma-derived primary cell cultures. Together, enriched expression of homing receptor-ligand pairs identified in this study implicate a potential role in mediating T-cell infiltration into glioblastoma. Importantly, our data characterising the migratory receptors on endogenous tumour-infiltrating T cells could be exploited to enhance the tumour-homing properties of future T-cell immunotherapies for glioblastoma.




Keywords: T cells, chemokine receptors, integrins, chemokines, glioblastoma, migration, scRNA-seq



Introduction

Glioblastoma is the most common and aggressive form of primary brain cancer in adults (1). Despite standard treatment employing surgery, radiotherapy and chemotherapy, glioblastoma consistently recurs within 6-9 months of initial treatment, illustrating its treatment-resistant nature. Therefore, it is not surprising that the abysmal survival rate of 4.6% at 5 years has not improved over the past three decades (2). With no new or improved survival-prolonging treatment strategies developed in the last 15 years (3), patients and their carers are in desperate need of new therapeutics.

Despite the dramatic success of T-cell-based immunotherapies such as chimeric antigen receptor (CAR) T cells and immune checkpoint inhibitors (ICIs) in patients with other cancers (4, 5), early clinical data indicate that ICIs are only effective in a minority of glioblastoma patients, while CAR T-cell therapy appears promising and safe (6, 7). Among other challenges including immunosuppression and a lack of tumour neoantigens, success of these therapies is limited partly because of restricted T-cell infiltration into glioblastoma (8). The sustained anti-tumour effect of ICIs like anti-PD-1 requires reactivation of endogenous infiltrating anti-tumour T cells (6). Similarly, CAR T cells must be capable of infiltrating tumours to exert their tumour-killing functions (8). In both instances, T cells require the correct migratory receptor repertoire to migrate to and infiltrate the tumour site. Therefore, by enhancing the migratory capabilities of endogenous T cells and CAR T cells alike, T-cell-based immunotherapies could be improved to treat glioblastoma patients.

Despite apparent challenges, such as the blood-brain barrier (BBB) composed of tight-junction endothelial cells (ECs) and astrocyte endfeet (9), some endogenous T cells are nevertheless capable of infiltrating glioblastoma (10). The passage of T cells from the bloodstream into tissues such as tumours is a tightly regulated, multi-step process. This initially involves the tethering and rolling of T cells along the vessel wall, followed by firm adhesion to the endothelium, and finally transmigration through the vessel wall (11). The firm adhesion step is facilitated by chemokine-chemokine receptor axes and integrin-adhesion molecule interactions, whereby chemokines facilitate firm adhesion of T cells to endothelial cells (ECs) via integrin activation and binding, then direct the migration of T cells within the tissue parenchyma (12). Only T cells expressing the correct combination of these chemokine and adhesion receptors are expected to effectively infiltrate glioblastoma.

T-cell subsets that participate in anti-tumour immunity, including CD4+ and CD8+ memory subsets and T regulatory cells (Tregs), have been identified in glioblastoma (10, 13, 14). Based on previous antigen experience, T cells are characterised as naïve, T-central memory (Tcm), T-effector memory (Tem), and T-effector memory re-expressing CD45RA (Temra) populations. Tcm, Tem and Temra differ in their immediate effector function upon antigen exposure and circulation. Tcm cells rapidly respond to secondary antigen exposure and differentiate into effector T-cell populations in secondary lymphoid organs or the site of the response (15). Conversely, Tem and Temra populations recognise antigen directly in tissues and mount immediate effector responses (16). Antigen exposure also gives rise to T-resident memory (Trm) cells, which do not recirculate but reside in peripheral tissues to provide immediate protection against secondary local infections and cancer (17). Recently, Trm cells have been identified in the healthy brain (18) and have been shown to express homing receptors important for tissue retention (19). However, Trm cells have yet to be identified in glioblastoma and the migratory profile of Trm cells in these tumours has not been characterised. The activation- and exhaustion-specific markers of Tregs and activated CD4+ and CD8+ T cells have been investigated in glioblastoma (14, 20, 21) but the migratory receptors required by these subsets for glioblastoma-homing remain unknown. While T-cell infiltration of glioblastoma is a prerequisite for the efficacy of immunotherapy, a thorough characterisation of the migratory phenotypes on T cells in glioblastoma has not been performed.

Here, using single-cell RNA-sequencing (scRNA-seq) and flow cytometry on glioblastoma patient biopsies, we characterise for the first time the chemokine receptor and integrin expression profiles of endogenous glioblastoma-infiltrating T cells. We identify that T-cell subsets expressing CCR2, CCR5, CXCR3, CXCR4, CXCR6, CD49a, and CD49d are enriched in glioblastoma tumours compared to matched peripheral blood samples. Additionally, validation of complementary chemokines implicates specific chemokine-chemokine receptor axes in T-cell homing and infiltration of glioblastoma tumours. Importantly, these findings identify migratory receptors that could be exploited to improve T-cell-based immunotherapy for glioblastoma and possibly other solid tumours.



Materials and Methods


Human Samples

Clinical samples (tumour tissue and blood) from patients with histologically confirmed glioblastoma multiforme were obtained through the South Australian Neurological Tumour Bank (SANTB) and use of the tissues was approved by the Central Adelaide Local Health Network Human Research Ethics Committee (CALHN HREC; approval number R20160727). All human specimens were used in accordance with the Declaration of Helsinki, and participants provided written consent.



Single Cell Transcriptomics

To interrogate genes related to glioblastoma T-cell homing, we used our previously published scRNA-seq dataset based on a total of 13,903 cells from three primary glioblastoma specimens (22). Refer to Ebert et al. (2020) for detailed methods on tumour specimen processing for single-cell sequencing, as well as single-cell library processing (22). Briefly, using R version 3.6.3 and Seurat version 3.1.5, cells with (i) fewer than 200 genes, (ii) gene numbers outside ±2 standard deviations from the mean, or (iii) a mitochondrial gene fraction greater than 10% were excluded. Remaining cells were log normalised by total expression and scaled to 10,000 transcripts/cell with the NormalizeData function in Seurat. Using the FindIntegrationAnchors (dims = 1:30, k.filter = 200) and IntegrateData (dims = 1:30) functions, cells from different libraries were combined by assessing the pairwise correspondence between a set of representative genes (anchors). The FindVariableGenes function was used to identify variable genes returning 2000 features using vst as the selection method. The data were then scaled and principal component analysis applied using the ScaleData and RunPCA functions respectively. Cells were clustered based on gene expression profiles using the FindNeighbors and FindClusters functions with resolution set to 0.5. UMAP plots were generated using the first 20 principal components, and clusters annotated based on expression of reported cell-lineage markers (23).

To identify different subsets of lymphocytes, the lymphocyte clusters were first isolated from non-lymphocyte clusters. Subsequently, the isolated lymphocyte cells were re-clustered as described above. UMAP plots were generated using the first 11 principal components, and clusters annotated based on expression of cell-lineage markers. EBF1 and CD19 delineated B cells and CD14 and CD68 identified contaminating macrophages. CD3D and NCR1 identified T-cell and NK-cell-clusters respectively. CD4+, CD8+ T cells and Tregs were visualised using CD4, CD8 and FOXP3 respectively. T cells expressing high levels of TCF7, SELL, CCR7, IL7R, PTGER2, and KLRG1 were considered Tcm-like. GZMB, PDCD1, HLA-DRA, and KLRC1 were used to classify effectors or recently activated T cells. Additionally, ITGA1, ITGAE, and CXCR6 were used to identify Trm cells (13).

To screen for chemokine receptor, integrin, chemokine, and adhesion molecule gene expression, the frequency of cells positive for genes of interest were obtained using the FetchData function from the merged and normalised libraries of the BT20, BT23 and BT26 scRNA-seq dataset. Cells were considered positive for a gene of interest if at least one unique molecular identifier (UMI) corresponding to the gene was detected in the cell. Cell populations were identified as previously described (22).



Sample Preparation and Storage

Glioblastoma samples were obtained as pieces of resected tumour tissue, or as tumour fragments recovered from aspirates following Cavitron Ultrasonic Surgical Aspirator (CUSA) ablation, and dissociated as described previously (22). For tumour biopsies, a portion of the sample was embedded in optimal cutting temperature (OCT) medium, flash-frozen using supercooled isopentane, and stored at -80°C. Remaining tumour biopsy was rinsed to remove blood and dissociated to generate single-cell suspensions using Accutase (Thermo Fisher Scientific) or the Human Tumor Dissociation kit in combination with the gentleMACS Octo Dissociator (Miltenyi Biotec) according to the manufacturer’s recommendations. Tissue fragments in CUSA aspirates were first sedimented by slow centrifugation at 70g for 1 min and the supernatant was discarded. The remaining tissue fragments were dissociated using Accutase or the Human Tumor Dissociation kit as described above. Following digestion, dissociated samples were centrifuged at 300g for 5 min to pellet cells, and supernatants for chemokine analyses harvested and stored at -80°C. Dissociated cells were resuspended and filtered through a 70µm strainer. For cryopreservation, a portion of the cells were resuspended in 90% foetal bovine serum (FBS) + 10% dimethyl sulphoxide (DMSO), frozen in a Mr Frosty freezing chamber (Thermo Fisher Scientific) at -80°C overnight, then stored in liquid nitrogen for flow cytometry analyses. The remaining cells were used to generate glioma neural stem (GNS) cell cultures as previously described (22, 24). GNS cell-line supernatants were harvested when the cells were 75-95% confluent and stored at -80°C for chemokine analyses.

Peripheral blood mononuclear cells (PBMC) were harvested from patient blood via density centrifugation (Lymphoprep), resuspended in 90% FBS + 10% DMSO, then frozen in a Mr Frosty freezing chamber (Thermo Fisher Scientific) at -80°C overnight and stored in liquid nitrogen for flow cytometry analyses.



Immunofluorescence Staining of Cryosections

Sections cut from OCT-embedded fresh tissues (5-12µm thickness) were fixed for 20 minutes in Cytofix/Cytoperm (BD) at room temperature (RT), washed in PBS and blocked using 10% human plasma, 10% normal donkey serum and 10% normal goat serum in PBS containing 1% bovine serum albumin (BSA) for 30 minutes at RT. 5µg/mL purified mouse anti-CD3 (UCHT1; BioLegend) and 0.67µg/mL rabbit anti-CD31 (polyclonal; Bethyl Labs #IHC-00055) antibodies were incubated with tissue sections for 12 hours at 4°C. Following washing, tissue sections were incubated with goat anti-mouse IgG-AF488 (Abcam) and donkey anti-rabbit IgG-AF555 (Abcam) detection antibodies at a dilution of 1:500 for 1 hour at RT. Following washing, tissue sections were blocked using 10% normal mouse serum in PBS containing 1% BSA for 30 minutes at RT. Sections were then incubated with mouse anti-GD2-AF647 (14.G2A; BD) at a dilution of 1:100 for 2 hours at RT. After washing, sections were mounted using ProLong Gold anti-fade mounting medium with DAPI (Life Technologies), cured overnight, and sealed with nail varnish before viewing.



Microscopy and Imaging

Confocal imaging was performed on a Zeiss LSM 800 confocal microscope equipped with 405nm, 488nm, 561nm and 640nm lasers, using 20x objective and Zen 2.6 system software. Fluorescence overlays were created by combining Z-stacks, merging channels, and applying false colour using ImageJ (National Institutes of Health).



Flow Cytometry

For flow cytometry analysis, cryopreserved, dissociated tumour specimens were rapidly thawed at 37°C, washed, and incubated in pre-warmed Roswell Park Memorial Institute (RPMI) media and 20U/mL DNase I (Sigma) for 15 minutes at 37°C. Cells were then washed and resuspended in a 30% isotonic Percoll (Sigma)/RPMI solution with 2mM EDTA. Using a syringe and needle, 70% isotonic Percoll/RPMI with 2mM EDTA was underlaid beneath the cell suspension, then centrifuged at 500g for 30 mins without the brake at RT. Lymphocytes were harvested from the interphase and washed with complete RPMI media to remove excess Percoll. Isolated lymphocytes were resuspended in PBS and plated at a density of 3x105 cells/well in 96-well V-bottom plates. Cryopreserved patient PBMC were rapidly thawed at 37°C, washed, and resuspended in PBS to be plated at a density of 5x105 cells/well. Five flow cytometry panels were designed to simultaneously analyse chemokine receptor and/or integrin expression while identifying T-cell subsets. A core combination of antibodies to identify T-cell subsets including: anti-CD3-PerCP-Cy5.5 (UCHT1; BD), anti-CD4-BV510 (SK3; BD), anti-CD8-BV786 (RPA-T8; BD), anti-CD25-BB515 (2A3; BD), anti-CD69-PE-Cy7 (FN50; BD), anti-CD45RO-BUV395 (UCHL1; BD), anti-CCR7-APC (2-L1-A; BD) or anti-CCR7-BV421 (G043H7; BD), anti-CD127-PE (A019D5; Biolegend), and anti-CD103-BV605 (Ber-ACT8; Biolegend) were used in each panel with an additional 2-3 antibodies to detect different chemokine receptors and/or integrins. Patient samples were randomly allocated to the different flow panels with larger biopsies that provided a greater yield of T cells used in multiple flow panels. Patient tumour samples digested with Accutase were allocated to the flow cytometry panel containing CXCR3 and CCR6 antibodies as the standard dissociation protocol with GentleMACS reagents (Miltenyi) significantly reduced the detection of these receptors. Cells were pelleted via centrifugation at 400g for 3 minutes, resuspended in PBS with 1:1000 Fixable viability stain 780 (BD) and incubated for 20 minutes at RT. Cells were washed with FACS buffer (PBS, 1% BSA) and Fc receptors blocked with human Fc block (BD) for 5 minutes on ice. For chemokine receptor analyses, the following antibodies were used: anti-CCR2-BUV737 (LS132.1D9, BD), anti-CCR4-BV421 (1G1; BD), anti-CCR5-PE-CF594 (2D7; BD), anti-CCR6-BUV737 (11A9; BD), anti-CCR7-APC, anti-CCR7-BV421, anti-CXCR3-APC (G025H7; Biolegend), anti-CXCR4-BV421 (12G5; BD), anti-CXCR6-BV421 (13B 1E5; BD), and anti-CX3CR1-PE-CF594 (2A9-1; BD). For panels with anti-CCR5, chemokine receptor staining was staggered as previously recommended (25). First, cells were incubated with chemokine receptor antibodies, except anti-CCR5, in Brilliant Staining Buffer Plus (BSB+; BD) for 10 mins at RT. Anti-CCR5-PE-CF594 was then added and cells were incubated for a further 10 minutes at RT. For panels without anti-CCR5, cells were incubated with chemokine receptor antibodies in BSB+ for 20 mins at RT. To the above suspensions, our core T-cell antibody cocktail diluted in BSB+ (BD) was added and incubated for a further 20 minutes on ice. For integrin panels, cells were incubated with anti-CCR7 at RT for 20 minutes, then incubated for a further 20-minutes on ice with the above T-cell cocktail supplemented with anti-CD11a-BV421 (HI111; BD) and anti-CD49d-BUV737 (9F10; BD), or anti-CD51-APC (NKI-M9; Biolegend) and anti-CD49a-BUV737 (SR84; BD). Stained cells were washed with PBS and fixed with Cytofix/Cytoperm (BD) for 20 minutes on ice. Lastly, cells were washed with PBS, resuspended in FACS buffer, and stored at 4°C protected from light until acquisition. Samples were acquired on a BD LSR Fortessa Special Order Research Product using FACS Diva Software version 8.0. Analysis was performed using FlowJo™ version 10.8.1 (BD).



Enzyme-Linked Immunosorbent Assay (ELISA)

To detect CXCL16 and CCL20 in supernatants harvested from GNS cell-lines and dissociated glioblastoma and CUSA samples, the DuoSet ELISA Human CXCL16 kit (DY1164; R&D Systems) and DuoSet ELISA Human CCL20 kit (DY36005; R&D Systems) were used according to the manufacturer’s recommendations. Samples were analysed at 450 nm (FLUOstar Omega microplate reader), and concentrations of chemokines calculated from standard curves generated with GraphPad Prism version 8.4.3.



Cytometric Bead-Based Immunoassay

To detect the chemokines CCL2, CCL3, CCL4, CCL5, CXCL9, CXCL10, CXCL11, CXCL12 and CX3CL1 in supernatants harvested from GNS cell-lines and dissociated glioblastoma and CUSA samples, a LEGENDplex Custom Human Chemokine Panel kit (Biolegend) was used according to the manufacturer’s recommendations. Standards and samples were acquired on a BD LSR Fortessa Special Order Research Product and chemokine concentrations determined using the LEGENDplex data analysis software version 2021-07-01 (Biolegend).



Statistical Analyses

Statistical analysis and graphing were performed in GraphPad Prism version 8.4.3. Pairwise comparisons were performed using two-tailed paired Student’s t test. For all tests, p values under 0.05 were considered significant. Significance was represented as: *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001.




Results


Endogenous T Cells Infiltrate Glioblastoma

To identify glioblastoma tissues with infiltrating T cells, frozen sections were prepared from patients’ biopsies (n=6) for confocal microscopy. Sections were stained for CD3 (green) to identify glioblastoma-infiltrating T cells, GD2 (magenta) to visualise tumour cells, and CD31 (white) to identify ECs (Figure 1A). In all instances, T cells were visualised near CD31+ blood ECs and among GD2+ glioblastoma cells (Figure 1A), but not within blood vessels. Importantly, this confirmed that glioblastoma tissues contained endogenous T cells that had infiltrated the glioblastoma parenchyma and were not restricted to the blood vessel lumen.




Figure 1 | Endogenous T cells that infiltrate glioblastoma express distinct homing marker genes, and complementary chemokine genes are detected in other glioblastoma-associated cell clusters. (A) Representative 7μm glioblastoma tissue section identifying endogenous CD3+ T cells (green) localised adjacent to tumour-associated CD31+ blood endothelial cells (white) and infiltrating GD2+ tumour parenchyma (magenta). DAPI was used as a nuclear stain, scale bar: 50µm, representative of n=6 patient samples. (B) UMAP plot of T cells, NK cells, B cells, and macrophages identified within the lymphocyte cluster from pooled scRNA-seq analysis of n=3 patient glioblastoma biopsies. Cell clusters were identified according to differentially expressed genes (see Supplementary Figure 1). (C, D) Frequency of T cells within the lymphocyte cluster positive for (C) chemokine receptor and (D) integrin genes. Each dot represents one patient, bars represent mean ± SEM. nd=not detected. (E) UMAP plot of non-lymphocyte glioblastoma-associated cell clusters from pooled scRNA-seq analysis of n=3 patient glioblastoma biopsies. Endothelial cells (ECs), glioblastoma-associated macrophages and microglia (GAMs), pericytes and tumour cells were clustered and identified according to differentially expressed genes. (F, G) Frequency of ECs, GAMs, pericytes and tumour cells positive for (F) CXCL-, XCL- and CX3CL1, and (G) CCL-chemokine genes. Bars represent mean ± SEM, nd, not detected.



Three of these glioblastoma biopsies, all of which contained tumour-infiltrating T cells, (BT20, BT23, BT26; refer to Table 1), were matched to our previously published scRNA-seq dataset (22). This dataset was generated by dissociating three primary glioblastoma patient specimens (Table 1) to single-cell suspensions and subjecting them to scRNA-seq using the 10X Chromium platform. Detailed methods and data analysis pipelines are described in the materials and methods section and our recent publication (22). Upon clustering of cells based on their transcriptome, expression of reported lineage-markers was used to identify the cell-type of each cluster. Subsequently, clusters were identified as ECs, glioblastoma-associated macrophages/microglia (GAMs), pericytes, and lymphocytes (Supplementary Figure 1A). Clustered cells expressing a range of genes associated with glial and neural cell types but lacking stromal lineage-markers were annotated as tumour cells (Supplementary Figure 1A). Utilising this existing dataset, expression of chemokine receptors and integrins was interrogated in glioblastoma-infiltrating T cells for this study.


Table 1 | Glioblastoma patient demographics and their samples used in this study.





Glioblastoma-Associated T Cells Express Chemokine Receptor and Integrin Genes

To screen for chemokine receptor and integrin genes expressed by glioblastoma-infiltrating T cells, the lymphocyte cluster was isolated and re-clustered with the bioinformatics pipeline described (see above and Materials and Methods) to further separate lymphocyte populations according to differentially expressed genes (Figure 1B). B cells were identified via EBF1 and CD19 expression, contaminating macrophages via CD14 and CD68 expression, T cells via CD3D expression and NK cells via NCR1 expression (Figure 1B and Supplementary Figures 1B, C). Frequencies of T cells positive for chemokine receptor (Figure 1C) and integrin genes (Figure 1D) in each patient were determined. Within glioblastoma-infiltrating T cells, a large proportion of cells were positive for CXCR4 and the proportion of cells positive for chemokine receptors CCR4, CCR5, CCR6, CCR7, CXCR3, and CXCR6 ranged between 5-25% (Figure 1C). Additionally, integrin genes ITGAE, ITGAL, ITGAV, ITGA1, ITGA4, ITGA5, ITGA6, ITGB1, ITGB2, and ITGB7 were detected in a moderate proportion of T cells (Figure 1D). All other receptors investigated were either undetectable or were expressed in low frequencies of T cells. Remaining cells in the lymphocyte cluster were also screened for chemokine receptor and integrin gene expression. B cells, NK cells and contaminating macrophages also expressed chemokine receptor and integrin genes with some overlap in the expression of receptors with T cells (Supplementary Figures 2A, B). Together, these data identify infiltrating T cells in glioblastoma biopsies and define a putative expression profile of glioblastoma-homing markers.



Glioblastoma-Associated Cell Populations Express Complementary Chemokine Genes

Chemokine receptor-mediated T-cell recruitment is directed by complementary chemokine ligands expressed in the glioblastoma microenvironment; thus, the expression of chemokines was screened in non-lymphocyte clusters (Figure 1E). There were varying proportions of cells positive for chemokines CCL2, CCL3, CCL4, CCL5, CCL20, CXCL1, CXCL2, CXCL3, CXCL10, CXCL11, CXCL12, CXCL16, and CX3CL1 (Figures 1F, G), among non-lymphocyte cell populations. Subsequently, chemokine receptors identified in glioblastoma-infiltrating T cells were selected for further investigation based on expression of the receptor at the gene level within T-cell clusters, and/or expression of the cognate ligand(s) identified within non-lymphocyte clusters. Thus, the chemokine receptors CCR2, CCR4, CCR5, CCR6, CXCR3, CXCR4, CXCR6, and CX3CR1 were selected for further validation by flow cytometry. Similarly, integrins CD49a (ITGA1), CD49d (ITGA4), CD51 (ITGAV), and CD11a (ITGAL) were selected for further validation based on elevated gene expression in glioblastoma-infiltrating T cells.



Analysis of T-Cell Subsets in Glioblastoma Biopsies and Matched Blood Samples

Previous studies have identified that memory T cells, including Tcm, Tem and Temra, and CD4+ Tregs can infiltrate glioblastoma (10, 13, 14, 20). Additionally, Trm cells have been characterised in the healthy brain (18). In keeping with this, our scRNA-seq data revealed heterogenous expression of genes associated with a Tcm-like signature (TCF7, SELL, CCR7, IL7R, PTGER2, and KLRG1), and effector-like genes (GZMB, PDCD1, HLA-DRA, and KLRC1) (Supplementary Figure 1C) (13). Additionally, our scRNA-seq dataset revealed FOXP3 expression in a small proportion of glioblastoma Tregs, and expression of ITGA1, ITGAE, and CXCR6 which are associated with a Trm signature (Supplementary Figure 1C) (13). Considering these subsets play distinct roles in tumour immunity (10, 17, 26), a multicolour flow cytometry panel was designed to simultaneously identify these populations and interrogate chemokine receptor and integrin expression (Figures 2A, B). Paired blood (Figure 2A) and dissociated glioblastoma samples (Figure 2B) were analysed to identify homing receptors enriched on glioblastoma-infiltrating T-cell subsets compared to paired blood samples as a means of identifying migratory axes that may be of biological importance. Tregs were identified as CD4+CD25+CD127low (27), and CD4+ or CD8+ Trm cells as CD69+CD103+ (18). Trm cells were not detected in the peripheral blood samples and only identified within glioblastoma. Within the CD103- population, CCR7 and CD45RO expression patterns distinguished naïve (CCR7+CD45RO-), Tcm (CCR7+CD45RO+), Tem (CCR7-CD45RO+), and Temra (CCR7-CD45RO-) populations for both CD4+ and CD8+ T cells (10, 16). Following identification of T-cell subsets, frequencies of these subsets were compared between matched patient blood and glioblastoma biopsies (Figure 2C). Of note, significantly fewer naïve CD4+ and CD8+ T cells were detected in glioblastoma biopsies compared to paired blood samples, indicating limited blood contamination of these resected glioblastoma biopsies obtained at surgery. In contrast, there was a significant enrichment of CD4+ and CD8+ Tcm, Tem, and Trm populations in glioblastoma biopsies, with CD4+ Tcm and CD8+ Tem and Trm populations most abundant overall. There was also a significant decrease in the proportion of CD8+ Temra cells in glioblastoma compared to blood samples, while the proportions of CD4+ Temra cells in blood and glioblastoma were negligible. Proportions of Tregs between the blood and tumour samples were similar.




Figure 2 | Identification of T-cell subsets in glioblastoma-patient blood and tumour biopsies. Representative flow cytometry gating strategy for (A) blood- and (B) glioblastoma (GBM)- associated T cells. Staining of lineage-specific surface markers identifies T regulatory cells (Tregs: CD3+CD4+CD25+CD127low), and CD4+ and CD8+ naïve T cells (CD103-CD45RO-CCR7+), T central memory (Tcm: CD103-CD45RO+CCR7+), T effector memory (Tem: CD103-CD45RO+CCR7-), T effector memory re-expressing CD45RA (Temra: CD103-CD45RO-CCR7−), and T resident memory (Trm: CD103+CD69+) populations. Plots are representative of matched patient blood and GBM samples n=18 each. (C) Proportions of naïve, Tcm, Tem, Temra, Tregs and Trm cell subsets in GBM patient blood and dissociated tumour biopsies. Proportions are presented as frequency of CD3+CD4+ and CD3+CD8+ T-cell populations, respectively. Each dot represents one patient, lines represent paired patient samples. Two-tailed paired Student’s t test, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





CCR2+, CCR5+, CXCR3+ and CXCR6+ CD4+ T-Cell Subsets Are Enriched in Glioblastoma

Following identification of T-cell subsets (Figure 2), expression of CCR2, CCR4, CCR5, CCR6, CXCR3, CXCR4, CXCR6, and CX3CR1 was investigated on glioblastoma and blood CD4+ (Figure 3) and CD8+ (Figure 4) T-cell subsets. Here, naïve blood T cells served as an internal negative control for chemokine receptor staining as this population lacks the expression of inflammatory chemokine receptors, except for CXCR3 and CXCR4, where naïve T cells and live CD3- cells containing distinct negative and positive populations were used to set gates for these receptors respectively (Supplementary Figure 3).




Figure 3 | CCR2+, CCR5+, CXCR3+ and CXCR6+ CD4+ T-cell populations are significantly enriched in patient glioblastoma compared to peripheral blood. (A) Representative histograms showing chemokine receptor expression within CD4+ T-cell subsets in glioblastoma (GBM) (coloured) and naïve CD4+ T cells in matched blood samples (grey). Also see Supplementary Figure 4 for additional blood CD4+ T-cell subsets. Representative of matched blood and GBM samples n=5-8 each. (B–I) Proportions of CD4+ T-cell subsets in blood and matched GBM biopsies expressing (B) CCR2, (C) CCR4, (D) CCR5, (E) CCR6, (F) CXCR3, (G) CXCR4, (H) CXCR6 and (I) CX3CR1. Each dot represents one patient, lines represent paired patient sample. Two-tailed paired Student’s t test, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, nd=not detected.






Figure 4 | CCR2+, CCR5+, CXCR3+, CXCR4+ and CXCR6+ CD8+ T-cell populations are significantly enriched in patient glioblastoma compared to peripheral blood. (A) Representative histograms showing chemokine receptor expression within CD8+ T-cell subsets in glioblastoma (GBM) (coloured) and naïve CD8+ T cells in matched blood samples (grey). Also see Supplementary Figure 6 for additional blood CD8+ T-cell subsets Representative of n=5-8 matched blood and GBM samples. (B–I) Proportions of CD8+ T-cell subsets in blood and matched GBM biopsies expressing (B) CCR2, (C) CCR4, (D) CCR5, (E) CCR6, (F) CXCR3, (G) CXCR4, (H) CXCR6 and (I) CX3CR1. Each dot represents one patient, lines represent paired patient sample. Two-tailed paired Student’s t test, *p < 0.05, **p < 0.01, ***p < 0.001, nd, not detected.



Our standard process for dissociation of tumour tissue specimens using gentleMACS reagents was found to significantly diminish CXCR3 and CCR6 staining (data not shown). Hence, other patient samples digested with Accutase were used to interrogate these receptors. Representative histograms for CD4+ T-cell subsets illustrate the typical chemokine receptor expression patterns observed, and demonstrate that staining for CCR2, CCR5, CXCR3 and CXCR6 was robust in glioblastoma-infiltrating T-cell populations compared to matched blood naïve CD4+ T cells (Figure 3A and Supplementary Figure 4). Quantitative analysis of chemokine receptor expression revealed a significant increase in the proportion of CCR2+CD4+ Tcm and Treg cells in glioblastoma compared to blood samples from the same patients (Figure 3B). CCR4 expression was most abundant in Tregs, however there was no difference in the proportion of CCR4+ Tregs in glioblastoma compared to peripheral blood (Figure 3C). Strikingly, all glioblastoma CD4+ T-cell subsets highly expressed CCR5, and CCR5 expression was significantly enriched in glioblastoma T cells compared to blood (Figure 3D). CCR6 expression was relatively low in CD4+ T-cell subsets compared to other chemokine receptors analysed, and no significant differences in CCR6 expression were observed between T-cell subsets in glioblastoma and blood (Figure 3E). CXCR3+ cells were abundant in all CD4+ T-cell subsets, however enrichment was only statistically significant in CD4+ Tem and Tregs in glioblastoma biopsies compared to paired blood samples (Figure 3F). Equally high proportions of CD4+ T-cell subsets in both blood and glioblastoma expressed CXCR4, hence no enrichment of this receptor was observed in glioblastoma (Figure 3G). As high proportions of both blood and glioblastoma-associated CD4+ T-cell subsets expressed CXCR4, the geometric mean fluorescence intensity (gMFI) was compared to determine whether CXCR4 abundance on T-cell subsets differed between glioblastoma and blood samples. Strikingly, there was a significant increase in the abundance of CXCR4 on all CD4+ T-cell subsets in glioblastoma compared to blood samples (Supplementary Figure 5A). CXCR6, an established marker of CD69+CD103+ Trm cells, was expressed on CD4+ Trm cells as anticipated, but also enriched in all other CD4+ T-cell subsets in glioblastoma compared to blood (Figure 3H). Lastly, CX3CR1 expression was low among all CD4+ T-cell subsets except CD4+ Temra cells, where CX3CR1 expression was enriched in the blood and significantly lower in glioblastoma (Figure 3I). Together, our flow cytometry analysis demonstrates that CCR5 and CXCR6 are expressed by large proportions of all glioblastoma-infiltrating CD4+ T-cell subsets, whereas CCR2 and CXCR3 enrichment was only observed in glioblastoma-infiltrating CD4+ Tcm and Tregs, and Tem and Tregs respectively.



CCR2+, CCR5+, CXCR3+, CXCR4+ and CXCR6+ CD8+ T-Cell Subsets Are Enriched in Glioblastoma

Within CD8+ T-cell subsets, representative histograms highlighted robust expression of CCR5, CXCR3, and CXCR6 compared to naïve peripheral blood CD8+ T cells (Figure 4A and Supplementary Figure 6). Similar to CD4+ T cells, there was enrichment of CCR2+CD8+ Tcm cells in glioblastoma compared to paired blood samples, and approximately 50% of CD8+ glioblastoma Trms expressed CCR2 (Figure 4B). CCR4+ cells were most abundant within the CD8+ Tcm population, but expression of this receptor in glioblastoma samples was not enriched for any CD8+ T-cell subsets compared to matched blood samples (Figure 4C). Like CD4+ T-cell subsets, CCR5 was expressed by a high proportion of all CD8+ T-cell subsets and was significantly enriched for all CD8+ T-cell subsets in glioblastoma (Figure 4D). CCR6 was expressed at similar proportions between blood and glioblastoma specimens for all CD8+ T-cell subsets (Figure 4E). Like CD4+ glioblastoma T cells, CXCR3 was expressed moderately by all CD8+ T-cell subsets, and there was a significantly greater proportion of CXCR3+CD8+ Tem cells in glioblastoma biopsies compared to paired blood samples (Figure 4F). CXCR4 expression was uniformly high for all CD8+ T-cell subsets and significantly enriched in glioblastoma compared to peripheral blood (Figure 4G). Additionally, CXCR4 gMFI was significantly increased for all CD8+ T-cell subsets in glioblastoma (Supplementary Figure 5B). Although all CD8+ glioblastoma T-cell subsets expressed modest levels of CXCR6, expression was only enriched within glioblastoma compared to blood for Tcm and Temra cells (Figure 4H). Lastly, CX3CR1 expression was greatest in the blood for CD8+ Tem and Temra populations with a significant reduction in the frequency of CX3CR1+CD8+ Tem and Temra cells in glioblastoma samples. Overall, CCR5 and CXCR4 show the most prominent expression on CD8+ T-cell subsets in glioblastoma tissues, with CCR2, CXCR3 and CXCR6 displaying subset-specific glioblastoma enrichment in Tcm, Tem, and Tcm and Temra populations respectively.



CD11a+, CD49a+ and CD49d+ T Cells Are Abundant and/or Enriched in Glioblastoma

Utilising the same core panel for identification of T-cell subsets as Figures 3, 4, integrins identified by scRNA-seq were investigated by flow cytometry. Subsequently, proportions of T cells expressing integrins were compared between paired blood and glioblastoma samples (Figure 5). All T-cell subsets in blood and glioblastoma biopsies uniformly expressed high levels of CD11a (integrin αL; Figures 5A, B  and Supplementary Figures 4, 6). Positive gates for CD49a and CD51 expression on glioblastoma T-cell subsets were set based on paired blood naïve T cells, which were uniformly CD49a- and CD51- (Figures 5A, B and Supplementary Figure 3). Live CD3- cells containing distinct populations of CD49d+ and CD49d- cells were used to set positive gates for CD49d+ T cells (Supplementary Figure 3). Despite high proportions of T cells positive for ITGAV, we did not detect CD51 protein in any T-cell subsets in glioblastoma biopsies or paired blood samples (Figures 5A, B). Importantly, we demonstrated efficacy of this CD51 antibody clone with the Malme-3M human melanoma cell-line (data not shown). In contrast, CD49a (integrin α1) expression was significantly enriched within CD4+ Tcm, Tem, Temra and Tregs, and CD8+ Tcm, Tem and Temra subsets in glioblastoma infiltrates compared to blood, and both CD4+ and CD8+ Trm cells expressed this integrin (Figures 5C, D). Additionally, CD4+ Tcm, Tem and Tregs expressing CD49d (integrin α4) were enriched in glioblastoma (Figure 5D). High proportions of CD8+ T-cell subsets expressed CD49d, and enrichment for CD49d expression in glioblastoma was significant for the CD8+ Tcm population (Figure 5D). Given large proportions of T cells in blood and glioblastoma expressed CD11a and CD49d, the abundance of these integrins on T cells, as measured by gMFI, was compared between blood and glioblastoma samples (Supplementary Figure 5). We observed no differences in the abundance of CD11a for CD4+ T-cell subsets, while there was an increase in the abundance of CD11a on the CD8+ Temra population (Supplementary Figures 5A, B). There was a significant decrease in the abundance of CD49d on the CD4+ Tem population in glioblastoma compared to blood samples, and a significant increase in CD49d gMFI on CD4+ Tregs in glioblastoma (Supplementary Figure 5A). However, there was no difference in the abundance of CD49d on CD8+ T-cell subsets between glioblastoma and paired blood samples (Supplementary Figure 5B). Physiological T-cell surveillance of the brain includes migration across post-capillary blood-vessels into perivascular spaces adjacent to the brain parenchyma (12). This pathway requires adherence of T cells, which occurs via the integrins CD11a and CD49d interacting with adhesion molecules ICAM-1 and VCAM-1, respectively, on BBB ECs. Indeed, we identified expression of ICAM-1 and VCAM-1 at the gene level within glioblastoma-associated clusters via scRNA-seq (Supplementary Figure 7A). Together, these data suggest that CD11a-ICAM-1, CD49a and CD49d-VCAM-1 contribute to the infiltration of subsets of T cells into glioblastoma.




Figure 5 | CD49a+ and CD49d+ T cells are enriched in glioblastoma biopsies compared to peripheral blood. (A, B) Representative histograms showing CD49a, CD49d, CD11a and CD51 expression within (A) CD4+ and (B) CD8+ T-cell subsets in glioblastoma (GBM) biopsies (filled) and T cells in matched blood samples (line). Also see Supplementary Figures 4, 6 for additional blood T-cell subsets Representative of matched blood and GBM samples n=6-7 each. (C, D) Proportions of CD49a- and CD49d-expressing (C) CD4+ and (D) CD8+ T-cell subsets in blood and matched GBM biopsies. Each dot represents one patient, lines represent paired patient samples. Two-tailed paired Student’s t test, *p < 0.05, **p < 0.01, ***p < 0.001, nd, not detected.





Complementary Chemokines Are Detected in Glioblastoma Biopsies, CUSA Samples and Primary Glioblastoma Cell-Lines

Having identified that CCR2+, CCR5+, CXCR3+, CXCR4+, and CXCR6+ T-cell subsets were enriched in glioblastoma, we subsequently validated the expression of complementary chemokines in dissociated glioblastoma biopsies and patient-derived glioblastoma cell-lines (Figure 6). We also tested for the complementary chemokines to CCR6 and CX3CR1 because these receptors have been implicated in brain-homing in other studies (28, 29). The CCR4 chemokines were not selected for further analysis as we observed low proportions of non-lymphocyte cell populations expressing the complementary chemokines CCL17 and CCL22 via scRNA-seq (Figure 1G) and observed no enrichment of CCR4+ T cells in glioblastoma (Figures 3C, 4C). To measure chemokines present within tumour tissue, the supernatant fraction from dissociated glioblastoma biopsies and CUSA aspirates, expected to contain soluble factors released from extracellular tissue spaces, was retained for analysis. In addition, we also collected supernatants from short-term cultures of tumour cells cultured under defined GNS cell conditions (24) to measure active secretion of chemokines by tumour cells. Chemokines were detected in both sample types via ELISA or cytometric bead-based assay. Notably, this approach favours the detection of soluble chemokines, as chemokines sequestered intracellularly or tethered to the cell surface via transmembrane domains or glycosaminoglycans (GAGs) are likely to remain in the cellular fraction. Of all chemokines assayed, the CCR2/CCR4 ligand CCL2 was the most abundant chemokine detected in tumour biopsy, CUSA and cultured GNS cell supernatants, and was present above the limit of detection in all samples analysed (Figure 6A). Interestingly, CCR5 ligands: CCL3, CCL4 and CCL5 were detected in the majority of supernatants harvested from dissociated tumour biopsy and CUSA, but little was detected in GNS cell supernatants (Figures 6B–D). Of the CXCR3 ligands, CXCL9 was detected in the majority of dissociated tumour specimens but was below the level of detection in all GNS cell cultures analysed (Figure 6E), CXCL10 was largely absent from dissociated tumour specimens, but highly expressed by few GNS cell samples (Figure 6F), and CXCL11 was below the lower limit of detection in all samples (Figure 6G). This was in contrast to expression of these ligands detected via scRNA seq (Figure 1F), but may reflect the high affinity of CXCL10 and CXCL11 for GAGs (30, 31). CXCL12, the sole chemokine ligand for CXCR4, was abundant in 6 out of 12 supernatants from the GNS cell cultures, however it was undetectable in all dissociated tumour biopsy and CUSA samples analysed (Figure 6H). CXCL16, the chemokine ligand of CXCR6, was detected in supernatants from the majority of dissociated tumour and GNS cell samples (Figure 6I). CX3CL1 was below the lower limit of detection in supernatants from all dissociated glioblastoma tumour biopsy, CUSA and GNS cell samples analysed (Figure 6J). However, measures here for both CXCL16 and CX3CL1 may underestimate their abundance as they are expressed as transmembrane chemokines and CXCL16 exhibits selective GAG binding (32–34). CCL20, the chemokine ligand of CCR6, was not detected in either dissociated tumour or GNS cell supernatants (Figure 6K). Comparing chemokine abundance between dissociated tumour and cultured GNS cell supernatants, CCL3, CCL4, CCL5 and CXCL9 were abundant in dissociated tumour samples, with little detected in supernatants from cultured tumour cells, suggesting non-tumour-cell populations were the source of these chemokines in glioblastoma. In contrast, glioblastoma tumour cells may be the main source of CCL2, CXCL10 and CXCL12 production in the tumour microenvironment given the elevated CCL2 detected in GNS cell culture supernatants and the minimal levels of CXCL10 and CXCL12 detected in dissociated tumour supernatants. Considered together with the analyses of receptor expression on glioblastoma T cells, these data implicate the CCR2-CCL2, CCR5-CCL3/4/5, CXCR3-CXCL9, CXCR4-CXCL12 and CXCR6-CXCL16 chemokine axes in T-cell infiltration and/or retention in glioblastoma.




Figure 6 | Complementary chemokines are detected in glioblastoma biopsies and CUSA samples, and supernatants from cultured GNS cells. (A–K) Chemokine abundance in supernatants from dissociated tumour biopsy, dissociated tumour fragments recovered from CUSA samples, and cultured GNS cells. Each dot represents one sample, bars represent mean ± SEM. Dotted line represents lower limit of detection. The number of samples above this threshold for each chemokine is displayed.






Discussion

Chemokine receptors and integrins play critical roles in chemotaxis, adhesion, and extravasation of T cells into tumours. It is widely reported that integrins expressed on T cells undergo conformational changes upon chemokine-chemokine receptor binding to facilitate greater adhesion to blood ECs (11, 35). Our work has identified potential chemokine-chemokine receptor axes and integrins that may direct T cells to glioblastoma. In our study, scRNA-seq analysis and protein validation implicate the CCR2-CCL2, CCR5-CCL3/4/5, CXCR3-CXCL9, CXCR4-CXCL12, and CXCR6-CXCL16 chemokine axes, and CD49a, CD49d, and CD11a integrins in glioblastoma infiltration. Few studies have investigated homing of T cells in glioblastoma, and our study is the first to systematically identify chemokine ligand and receptor pairs in primary tumour material from newly diagnosed glioblastoma patients. The brain is considered an immune-privileged site and migration of T cells to this tissue is normally tightly regulated. Whilst the BBB is compromised in glioblastoma, extravasation of T cells across the BBB is still a rate-limiting factor in successful CAR T-cell therapies (36). Therefore, understanding the factors that regulate entry of T cells into glioblastoma is important to tailor therapeutic approaches.

Our study is also the first to identify CXCR6+ T-cell subsets as being enriched in glioblastoma, as well as demonstrating CXCL16 expression in dissociated tumour biopsies and glioblastoma cell-lines. We identified CXCR6+ T cells enriched in CD4+ Tcm, Tem, Temra, and Tregs, and CD8+ Tcm and Temra populations. CXCR6, a marker of Trm cells, was indeed expressed by a high proportion of both CD4+ and CD8+ Trm cells in glioblastoma. The CXCR6-CXCL16 axis may regulate migration, retention or survival in glioblastoma. Indeed, this axis has been shown to be important for CD8+ T-cell anti-tumour responses or retention in tumours (19, 37) and critical for T-cell survival within murine melanoma tumours by positioning T cells with intratumoral dendritic cells (DCs) secreting pro-survival cytokines (38). Ultimately, the CXCR6-CXCL16 axis has been demonstrated to be essential in CD8+ T-cell responses to ICI therapy and mediating cancer regression in mouse models of colorectal cancer and melanoma (39). Thus, CAR T cells engineered to express CXCR6 exerted superior anti-tumour activity in pre-clinical models of pancreatic cancer compared to CAR T cells without this genetic modification (40). Whether CXCR6 drives T-cell migration, retention or survival in glioblastoma remains an important question given its requirement in CAR T-cell and ICI therapy in other tumour models.

Importantly, we have shown that CCR5+ cells are significantly enriched in all glioblastoma-infiltrating T-cell subsets, and CCR5 ligands were detected in supernatants from dissociated glioblastoma biopsies, implicating a key role for this axis in the infiltration and/or retention of T cells in glioblastoma. Enrichment of CCR5+ T cells has been observed in other cancer types, suggesting a potential role for migration to these tumours (41). However, whether CCR5 mediates migration to the brain and glioblastoma remains unclear. Higher proportions of CCR5+ T cells have been identified in human cerebrospinal fluid (CSF) compared to peripheral blood (42) and effector CCR5+CD8+ T cells were found to be enriched in human glioblastoma (43). Therefore, the importance of the CCR5 chemokine receptor axis in glioblastoma infiltration should be explored further.

The CXCR4-CXCL12 axis has known roles in T-cell surveillance and infiltration of the brain parenchyma during homeostasis and central nervous system (CNS) pathologies (44, 45). Here, we observed high proportions of both patient blood and glioblastoma T-cell subsets expressing CXCR4, and significantly greater abundance of CXCR4, by measure of gMFI, on glioblastoma T-cell subsets. However, in contrast to enrichment of CXCR4+ T cells in glioblastoma, the greater abundance of CXCR4 on these cells may reflect redundancy of this axis in tumour infiltration as ligation of CXCR4 by CXCL12 results in receptor internalisation and desensitisation (46). We were unable to detect CXCL12 in supernatants from dissociated glioblastoma tumour biopsy and CUSA samples. This may be attributed to the intracellular or membrane-bound localisation of CXCL12 observed in tumour-associated ECs (47). Interestingly, in mouse models of multiple sclerosis, T cells that have passed BBB-associated ECs are restricted to the perivascular niche by CXCL12 localised to the basolateral surface of these ECs (45). Thus in multiple sclerosis, CXCR4 restricts T cells migrating across astrocyte endfeet and entering the brain. Whether similar brain infiltration mechanisms are employed in glioblastoma remain unknown. However, CXCR4-blockade in combination with anti-PD-1 has been shown to have a synergistic effect in increasing the proportion of IFNγ+ and TNFα+ producing CD4+ and CD8+ T cells in the brains of mice with glioblastoma (48).

The CCR2/CCR4-CCL2 axis has been identified in previous in vitro glioblastoma studies. High abundance of CCL2 has been detected in glioma tumour tissue and cell-line supernatants by ELISA, and glioblastoma-patient peripheral blood Tregs could be recruited to glioblastoma-conditioned medium in a CCL2-dependent manner (49, 50). We also observed high levels of CCL2 in supernatants from dissociated glioblastoma biopsies and GNS cells, inferring that CCL2 could recruit T cells through CCR2 or CCR4 to glioblastoma. However, here we show that T cells are more likely to be recruited via CCR2 than CCR4 given that both CCR2+ Tregs, and CCR2+ Tcm cells were enriched in glioblastoma tissues, and we found no enrichment of CCR4+ T cells in glioblastoma. Indeed, pathogenic Th17 cells have been shown to migrate to the inflamed CNS in murine models of multiple sclerosis via CCR2 (51). Thus, our findings now suggest that high CCL2 abundance identified by multiple glioblastoma studies may mediate trafficking to glioblastoma through CCR2 rather than CCR4. This remains an important question for future studies.

CXCR3 is widely expressed by activated T cells and was highly enriched on glioblastoma-infiltrating T-cell subsets. Studies investigating brain viral infection have demonstrated that CXCR3 mediates T-cell entry from the CSF into the brain parenchyma (52, 53). Additionally, T cells in human CSF are enriched for CXCR3+ and CCR5+ compared to peripheral blood (42). A study investigating the role of CXCR3 signalling in glioblastoma observed that CXCR3-KO mice had a reduced survival compared to WT mice (54). However, glioblastoma-infiltrating T-cell numbers were not significantly different between groups, suggesting that CXCR3 did not mediate infiltration of T cells in this model. In keeping with this, recent studies in subcutaneous mouse tumour models have shown that CXCR3 is not required for tumour infiltration but is important for positioning T cells to receive anti-tumour activation signals from intratumoral DCs when paired with anti-PD-1 therapy (55). Therefore, these discrepancies highlight the need for future studies using immunocompetent mouse glioblastoma models as it is unclear whether CXCR3 mediates infiltration or positioning of T cells within glioblastoma. Identifying the function of CXCR3 will better instruct the use of immunotherapies to treat glioblastoma via augmenting CXCR3 expression on CAR T cells infused via the CSF to improve entry to the brain, or improve T cell-DC interactions to enhance anti-tumour responses when paired with ICI therapy.

Despite high proportions of T cells and non-lymphocyte populations identified as positive for CCR6 and CCL20 via scRNA-seq respectively, CCR6+ T cells were not enriched in glioblastoma and we were unable to detect CCL20 in supernatants via ELISA. A prior study has identified CCL20 expression by immunohistochemistry within human glioblastoma tissues, and this has correlated with increased T-cell infiltration (56). Notably however, CCL20 was limited to the cytoplasm of tumour cells, with little secreted in the glioblastoma microenvironment. This may explain why we did not detect CCL20 by ELISA in supernatants from dissociated glioblastoma specimens or GNS cells. Additional work is necessary to determine whether the high proportion of cells expressing CCL20 has any biological significance given our data showed a lack of enrichment of CCR6+ T-cell subsets and no detection of CCL20 protein by ELISA.

CX3CL1 is constitutively expressed in the healthy brain by neurons and astrocytes, and exists in transmembrane and soluble forms (32, 57). Considering that only the soluble form would be present in supernatants, this may explain why CX3CL1 protein was below the limit of detection for all glioblastoma biopsies and GNS cell-lines analysed despite varying proportions of cells expressing CX3CL1 identified by scRNA-seq analysis. Regardless, a study using a murine model of glioma found no expression of Cx3cr1 in glioma-infiltrating T cells, nor a role for this receptor in T-cell recruitment to glioma (58). Similarly, we observed a decrease in the proportion of CX3CR1+CD4+ Temra and CX3CR1+CD8+ Tem and Temra subsets in glioblastoma compared to paired blood samples, suggesting little requirement for CX3CR1 in glioblastoma infiltration.

We found high expression of CD11a+, and enrichment of CD49a+ and CD49d+ T cells in glioblastoma. We also identified expression of ICAM-1 and VCAM-1, the cognate receptors for the CD11a and CD49d integrins respectively, at the gene level within glioblastoma-associated clusters via scRNA-seq. CD11a and CD49d have been implicated in T-cell glioblastoma-infiltration in a previous study in vitro, where transmigration of T-cells across glioblastoma-isolated ECs occurred in a ICAM-1 and VCAM-1-dependent manner (59). Furthermore, neutralising CD49d in vivo abrogates homing of cytotoxic T cells to intracranial tumours (60). In line with this, we found high frequencies of all T-cell subsets expressing CD49d in glioblastoma tissues and uniformly high expression of CD11a. Unlike CD11a and CD49d, a role for CD49a in glioblastoma has not been investigated. CD49a is a type IV collagen receptor, a marker of T-cell tissue residency, and CD49a+ Trm cells have been observed to populate the human brain (18). Accordingly, the greatest frequency of CD49a+ cells identified here were the Trm populations, yet moderate proportions of multiple CD4+ and CD8+ T-cell subsets expressed CD49a and were enriched in glioblastoma. Early studies in other tumour models have demonstrated CD49a expression is critical for CD8+ T cell anti-tumour responses at mucosal sites (61). Importantly, a recent study investigating the functionality of CD49a in melanoma tumour models has shown that CD49a is upregulated on tumour-infiltrating T cells by the tumour microenvironment and enhances T-cell motility (62). Given the likely function of CD49a in tumour retention, its role in glioblastoma should be investigated further.

A limitation of our study is that enrichment of migratory receptors within tumours does not demonstrate their functional requirement. Here, enrichment of migratory receptors within glioblastoma suggests that they may be important in the processes underlying tumour infiltration, or receptor expression may be induced in T cells by the tumour environment following infiltration. Alternatively, the enrichment of chemokine receptors might be a bystander effect of memory or effector T cells concentrating at the tumour site, and not as a result of their requirement for tumour infiltration. Furthermore, additional modifications and downstream signalling molecules will also affect chemokine receptor responsiveness and activity (63). However, having identified key receptors amongst all known homing receptors, further functional studies with orthotopic xenograft glioblastoma tumour models and syngeneic immunocompetent models can identify receptor-dependent roles in glioblastoma-homing. These models would directly address the requirement of these receptors in glioblastoma infiltration and identify receptors with non-chemotactic or redundant functions in anti-tumour responses. Importantly, investigating the endogenous intratumoral T-cell migratory profile is an approach that can be leveraged to identify unique migratory receptors important for T-cell infiltration in other solid tumours and guide subsequent functional assays. In turn, by enhancing the expression of appropriate migratory receptors, T-cell-based therapies could be improved and implemented in clinical trials for glioblastoma and possibly other solid tumours.
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Glioma is the most common primary malignant brain tumor in adults with very poor prognosis. The limited new therapeutic strategies for glioma patients can be partially attributed to the complex tumor microenvironment. However, knowledge about the glioma immune microenvironment and the associated regulatory mechanisms is still lacking. In this study, we found that, different immune subtypes have a significant impact on patient survival. Glioma patients with a high immune response subtype had a shorter survival compared with patients with a low immune response subtype. Moreover, the number of B cell, T cell, NK cell, and in particular, the macrophage in the immune microenvironment of patients with a high immune response subtype were significantly enhanced. In addition, 132 genes were found to be related to glioma immunity. The functional analysis and verification of seven core genes showed that their expression levels were significantly correlated with the prognosis of glioma patients, and the results were consistent at tissue levels. These findings indicated that the glioma immune microenvironment was significantly correlated with the prognosis of glioma patients and multiple genes were involved in regulating the progression of glioma. The identified genes could be used to stratify glioma patients based on immune subgroup analysis, which may guide their clinical treatment regimen.
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Introduction

Glioma is the most common malignant tumor of the central nervous system, belonging to the neuroepithelial group of tumors (1). According to the WHO classification guidelines for central nervous system tumors (2021 edition), gliomas are classified by IDH1/2 mutation and 1p/19q codeletion (2). At present, the treatment modes for glioma mainly include craniotomy and comprehensive therapeutics based on radiotherapy and chemotherapy. Even with such aggressive therapeutic strategy, the prognosis of gliomas remains unsatisfactory (3, 4). The dismal outcome may be attributed to the complex heterogeneity of gliomas, their invasive growth, and the difficulties associated with complete resection for protecting important neurological functions. In addition, The presence of the blood-brain barrier, making it difficult for macromolecular drugs to pass through (5, 6). At present, immunotherapy has shown significant therapeutic advantages in treatment for several cancer types. However, recent results of the phase 3 clinical trial CheckMate-143 were disappointing. There was no significant difference in median overall survival between nivolumab vs. bevacizumab administration in patients with recurrent GBM (7–9).

It has been reported that the infiltration abundance and functional state of immune cells in the glioma immune microenvironment are special, which may be significantly related to the distinct prognosis of glioma patients (10). Janet V Cross etc. (11) showed that a highly inhibitory tumor immune microenvironment can promote tumor growth. However, a systematic and comprehensive classification for different immune types to guide the evaluation of prognosis and treatment response remains lacking. The immune microenvironment of glioma contains several different types of immune cells, including macrophages, microglial, myeloid suppressors, dendritic, B cells, T cells, and NK cells (12, 13). A subtype of tumor-associated macrophages in the tumor microenvironment can promote tumor metastasis and resistance to chemotherapy (14). The interaction between various immune cells and their effects on tumor cells constitute a complex functional system. The complexity of the glioma immune microenvironment is induced by both the microenvironment of the central nervous system and by tumor cells. Elucidating the immune characteristics of the glioma immune microenvironment would help design targeted strategies. In addition, studying the composition of the glioma immune microenvironment and identifying specific immune-related genes and immune cell types in the microenvironment associated with glioma prognosis would contribute to our understanding of the molecular mechanisms underlying glioma immunosuppression (15).

Here, by exploring transcriptome data in The Chinese Glioma Genome Atlas (CGGA) (http://cgga.org.cn) and The Cancer Genome Atlas (TCGA) (http://cancergenome.nih.gov) database, we discovered that the glioma subtype with a high immune response had a shorter survival time compared with patients with a low immune response subtype. We further analyzed the genes associated with immune typing, seven genes related to patient prognosis and their corresponding characteristics were investigated accordingly. We constructed a prognostic prediction model for glioma immunotherapy and the findings may provide valuable information for developing targeted immunotherapy for glioma patients. The differences in tumor immune microenvironment and related differential gene expression may provide new options for designing individualized treatment regimens and identifying new targets for immunotherapy for glioma patients.



Materials and Methods


Glioma Datasets

Gene expression data and clinical information were retrospectively obtained from publicly available datasets in the CGGA (http://www.cgga.org.cn/) and TCGA databases (https://cancergenome.nih.gov/). A total of 1438 samples were enrolled in this analysis, including both the CGGA cohort (n=749) (Table 1) and TCGA cohort (n=689).


Table 1 | Differences in clinical features among immune subtypes of glioma.





Immune-Subgroup Identification and Verification

To estimate the immune status of each sample, a total of 25 immune-related gene sets were manually selected from previously published literature (16). We performed unsupervised clustering of glioma samples based on the ssGSEA scores for the 25 immune-related gene sets and identified three distinct immune subgroups. The ssGSEA score was calculated using the “GSVA” package in R. The “ConsensuClusterPlus” package was used to determine the number of stable clusters (17). The ESTIMATE algorithm [doi: 10.1038/ncomms3612] was used to analyze the Immune Score, Stromal Score, ESTIMATE Score, and tumor purity.



Gene Set Variation Analysis (GSVA) for KEGG Enrichment and Hallmark Pathways

Gene set variation analysis (GSVA) algorithm was used to investigate the variations in pathways among the different immune-subgroups using the ‘GSVA’ package (18). The “c2.cp.kegg.v6.2.symbols” and “h.all.v7.2.symbols” gene sets from Molecular Signatures Database (MSigDB) (http://www.gsea-msigdb.org) were downloaded and used for the GSVA analysis.



Comparisons of Fractions of Immune Cell Infiltrations

The deconvolution approach based on CIBERSORT (19) was used to estimate the abundances of 22 immune cell types based on their gene expression profiles and significant samples with an empirical CIBERSORT P<0.05 were selected for further comparison. We compared the fractions of 22 immune cell types among the three immune-subgroups using the Mann–Whitney U test.



Selection of Immune-Subgroup Related Genes (IRGs)

CGGA data were correspondingly divided into the immune-H, immune-M, and immune-L clusters. According to the set values of P<0.05 and | log2FC |>1, we used the “limma” package to identify the differentially expressed genes (DEGs). The Venn diagram was drawn to identify overlapping IRGs from the above analyses. The DEGs among the IRGs in all three immune-subgroups were selected using the Venn diagram.



Construction of a Prognostic Model Based on the IRGs

We used lasso and multivariate analyses to select the significant prognostic IRGs. We calculated the regression coefficients and hazard ratios (HRs) for each gene. Finally, the relevant mRNAs were identified. The prognostic risk score model for glioma patients was a weighted sum of each optimal prognosis mRNA expression and the relative regression coefficient calculated using the multivariate model. The risk score formula was as follows:

	

All patients were divided into high- and low-risk groups based on the median risk score. The Kaplan–Meier survival curves of the two groups were plotted. ROC curves were plotted to evaluate the specificity and sensitivity of the model.



Western Blotting (WB)

We selected eight pairs of glioma tissues including the carcinoma and peritumoral tissues for WB. Tissues were lysed with the RIPA buffer (Pierce, Rockford). The protein concentration was measured using a BCA protein assay kit (Pierce, Rockford). Equal amounts of total protein were loaded on SDS-PAGE gel, transferred onto poly vinylidene fluoride (PVDF) membranes (Millipore, Bedford) and then immunoblotted with the primary antibodies (Listed in Table 2) for 24h at 4°C. After washing with TBST buffer, PVDF membranes were incubated with secondary horseradish peroxidase-conjugated goat anti-mouse or anti-rabbit antibody (TDY BIOTEC, Beijing, China) and detected using an enhanced chemiluminescence system (Thermo Scientific, Rockford, IL), according to the manufacturer’s instructions. The expression of Actin was used as internal control.


Table 2 | Primary antibodies used for western blot and immunohistochemistry.





Immunohistochemistry (IHC)

We selected 154 glioma chip tissues for IHC staining. The expressions of seven core genes and their relationships with patient survival were analyzed. For IHC, the experiments were performed as described previously (20). Antibodies used in the IHC staining are listed in Table 2. The IHC score of target proteins was independently evaluated by two pathologists according to the proportion and intensity of positive cells within five microscopic visual fields per slide (200-fold magnification) (21). A proportion score represented the estimated proportion of positively stained tumor cells and the intensity score represented the average intensity of the positive tumor cells. The proportion and intensity scores were then multiplied to obtain a total score, which ranged from 0 to 16. A total score of 0-2, 3-7, 8-12, 13-16 was defined as being negative (-), weak positive (+), moderate positive (++), and strong positive (+++), respectively (21).



Flow Cytometry

We selected fresh tissues from glioma patients with grade II, III and IV. The tissues were cleaned with PBS and were cut into pieces with ophthalmic scissors. Then the tissues were collected into a 15ml centrifuge tube with 7ml PBS, then 1ml collagenase I was added into the centrifuge tube. Single cell suspension was collected with 700 mesh cell sieves. After washing by PBS, fluorescent antibodies CD3, CD4, CD8, CD11, CD16 and CD22 (listed in Table 3, purchased from Thermo Fisher Scientific) were added to cell suspension at a ratio of 1:20. After incubation at 4°C for 1h, they were cleaned by PBS for 3 times. The cell precipitates were resected with 500ul PBS and detected by flow cytometry.


Table 3 | Primary antibodies used for Flow cytometry.






Results


Identification of Three Immune-Subgroups Based on 25 Immune-Related Gene Sets

Using the CGGA cohort, first, we performed an unsupervised clustering analysis and identified three distinct immune-subgroup patterns based on the ssGSEA scores of 25 immune-related gene sets (Figures 1A, S1A–E). The three immune-subgroups were correspondingly termed as the immune-H (high) (n = 226), immune-M (media) (n = 185), and immune-L (low) (n=338). The immune-H subgroup had the highest values of ESTIMATE Score, Immune Score, and Stromal Score; it was also associated with the lowest tumor purity (Figures 1B–E). Notably, these results indicated that the immune-H subgroup consisted of the highest number of immune cells and stromal cells, while the immune-L subgroup consisted of the highest number of tumor cells; these values in the immune-M subgroup were between in those for the immune-H and immune-L subgroups. Moreover, the 3D-PCA plot showed that the immune subtypes were also distinctly divided into three clusters, namely the immune-H, immune-M, and immune-L, which suggested that our method could well distinguish among the three immune-subgroups (Figure 1F). Patients in the immune-L subgroup showed better overall survival, while those in the immune-H subgroup exhibited the worst prognosis (Figure 1G) (log-rank test, P < 0.001).




Figure 1 | Identification of three immunity-subgroups base on 25 immunity-related gene sets. (A) The heatmap showing the glioma samples divided into three distinct sub-group based on the GSVA enrichment scores of 25 immunity-related gene sets. Three subgroups defined as immunity-H, immunity-M and immunity-L. Color bars at the top of the graph labels, the gender, grade, histology, PRS type. (B–E) Comparison of stromal scores (B), immune scores (C), estimated scores (D), tumor purity (E) among three immunity-subgroups. (F) PCA analyses for three immunity-subgroups depicted by the dot in different colors. immunity-H, pink, immunity-M, blue; immunity-L, aquamarine. (G) OS Kaplan-Meier survival analysis among three immunity-subgroups (Log-rank test).





Association Analysis and Risk Score Comparison of Clinical Features of Glioma

To explore the correlation between immune subtypes and clinical characteristics, we drew an alluvial diagram for immune-subgroups with different risk-subgroups, IDH status, grade stages, PRS types, and survival status (Figure 2A). The results indicated that the immune-H subgroup with the higher risk score was most likely related to IDH wild type, higher grades, recurrence status, and death. Whereas the immune-L subgroup exhibited a lower risk score, IDH mutation, lower grade, primary status, and better survival status. The correlation results are specifically shown in Figures S2A–F and S3A–F. Statistical analysis of the clinical data showed that higher risk scores were more likely associated with older age, higher recurrence, IDH wild type, higher immune subtype, and poorer prognosis (P<0.001), while there were no significant differences between gender (Figures 2B–G). At the same time, we divided gliomas into low grade and high grade groups to analyze the relationship between different immune subtypes and patient prognosis. We found that high immune subtypes were significantly correlated with poor prognosis of patients with low grade (Left) and high grade (Right) glioma patients (Figure S2G).




Figure 2 | Association analysis and risk score comparison of clinical features of glioma. (A) Alluvial diagram of immunity-sub-groups with different risk-subgroups, IDH status, grade stages, PRS types and survival status. (B–G) The risk score comparison between different clinical features. (B) Age, (C) Gender, (D) PRS type, (E) IDH status, (F) immunity-subgroup and (G) survival status.





Enriched Molecular Pathways and Immune Cell Infiltration Among Three Immune-Subgroups of Glioma

To examine the molecular mechanisms of action in different subtypes, we performed the gene set variation analysis (GSVA) to evaluate the enriched pathways in the KEGG and hallmark gene sets. Figures 3A, B shows the differentially enriched pathways from the KEGG database and hallmark gene sets between the immune-H and immune-L subgroups. Enriched pathways in the immune-H subgroup mainly comprised immune-related pathways, including systemic lupus erythematosus, inflammation, and antigen processing and presentation. Similar results were obtained in immune-H vs immune-M and immune-M vs immune-L subgroup analyses (Figures S4A–D).




Figure 3 | The enrichment molecular pathways and immune cells infiltration among three immunity-subgroups of glioma. (A, B) Heatmap shows the GSVA score of top 10 KEGG pathways (A) and 50 hallmarks pathways (B) curated from MSigDB between immunity-H and immunity-L subtypes. (C) The abundance of each 22 types of infiltrating cell in three immunity-subtypes. *P≤0.05, **P≤0.01, ***P≤0.001. ns, no significance.



Moreover, we investigated whether the three immune-subgroups of glioma had different tumor immune microenvironments (TIME) (Figure 3C). Indeed, the immune-H subgroup had high infiltration levels of regulatory T cells (Tregs), M2 macrophages, and neutrophils, while the immune-L subgroup had remarkable enrichment of resting mast cells. Furthermore, we found a significant increase of CD3, CD4, CD8, CD16, CD11, CD22 positive immune cell infiltrates in grade IV glioma tissues compared with grade II and III (Figures 4A, B). These results indicated that the gliomas in the immune-H subgroup and grade IV glioma group were dominated by infiltration of suppressive immune cell types.




Figure 4 | The immune cells infiltration among three grades of glioma. (A) Flow cytometry results showed the abundance of each 6 types of infiltrating cell in three grades and (B) the results of statistical analysis showed the proportion of cell infiltration.*P≤0.05, **P≤0.01, ***P≤0.001. ns, no significance.



To test the expression of immune-related genes in each group, we examined the expression of HLA and the immune checkpoint genes in the three immune subgroups. Notably, the expressions of all the HLA genes were highest in the immune-H subgroup, while lowest in the immune-L subgroup (ANOVA test, P < 0.001) (Figure S5A). Further analysis of immune checkpoints showed that multiple inhibitory checkpoints (CD274, CTLA4, HAVCR2, LAG3, PDCD1LG2, TIGIT) were significantly overexpressed in high immune subtypes (Figure S5B). These results showed that the immune-subgroups were significantly associated with the expressions of immune-related genes.



Differential Gene Expression Analysis Among Three Immune-Subgroups

We identified a total of 1937 DEGs (|log2FC| > 1 and FDR < 0.05) between the immune-H and immune-L subgroups and the volcano plot was used to show the distribution of the DEGs between the two subgroups (Figure 5A). Specifically, 1262 DEGs in immune-H vs immune-L, 532 DEGs in immune-H vs immune-M, 11 DEGs in immune-M vs immune-L, and 132 DEGs in immune-H vs immune-M vs immune-L were obtained (Figure 5B). As shown in Figure 5C, the heatmap displays 132 DEGs among the three groups. The GSEA for GO enrichment showed that the immune-H subgroup was highly enriched in genes associated with the immune-related pathways (Figure 5D), including immunoglobulin complex, immunoglobulin receptor binding, complement activation, T cell receptor complex, and immune response-regulating cell surface receptor signaling pathway involved in phagocytosis. This result was in line with elevated immune activity in the immune-H group.




Figure 5 | Volcano plot, heatmap and GO enrichment analysis of differential gene among three glioma immune subtype. (A) The volcano plot of different genes between immunity-H and immunity-L subtype. (B) The Venn plot showed the different genes among three glioma immune subtype. (C) The heatmap shown that the different genes among three glioma immune subtype. (D) GO enrichment analysis of differential gene among between immunity-H and immunity-L subtypes.





Construction of the Prognostic Model Based on Glioma Immunophenotyping

In the CGGA cohort, 14 of 132 DEGs were identified and selected through the lasso-Cox regression algorithm (Figures 6A, B). Finally, a total of seven prognostic-related hub genes were identified by multivariate Cox regression analysis, and the risk scores were calculated to predict the prognostic risk of glioma (Figures 6C–F). The multivariate Cox forest plot showed the hazard ratios of SVOP, TNR, VAMP5, IGFBP2, METTL7B, VIM, and TAGLN2. The risk score was calculated using the following formula: risk score , where i, represents the expressions of the seven hub genes. The risk score, survival status, and the expressions of the seven hub genes were calculated using the prognostic model and the process is illustrated in Figures 6D–F. Samples were classified into low- and high-risk subgroups according to the median risk score. Survival analysis indicated that patients in the low-risk subgroup had significantly longer overall survival time as compared to that of the high-risk patients (Figure 6G, P < 0.001, log-rank test). ROC curve analysis showed that the specificity and sensitivity were highest when the risk scores were 0.782, 0.843, 0.852, and 0.857 according to the 1-, 2-, 3-, and 5-year survival-based area under the receiver operating characteristic curve (AUC) values, respectively (Figure 6H).




Figure 6 | Construction of a prognostic model based on differential genes of immune subtypes. (A) The LASSO coefficients profile of the 132 significate genes selected for overall survival against the log lambda sequence. (B) Ten-fold cross-validated error (first vertical line equals the minimum error, whereas the second vertical line shows the cross-validated error within 1 standard error of the minimum). (C) Forest plot of 7 immunity-subtype-related genes identified by multivariate Cox regression. (D) Glioma patients are sorted by risk score, red is high risk, green is low risk. (E) The survival status of Glioma patients, dark blue is dead, light green is alive. (F) The heatmap of the 7-hub gene expression. (G) Kaplan–Meier curve survival analysis between high risk and low risk, red line means high risk group, blue line means low risk group; (H) Time–ROC curve analysis of the 7 hub genes signature, red line means 1-year OS, green line means 2-year OS, blue line means 3-year DFS, purple line means 3-year DFS.





Univariate Cox and K-M Survival Analysis of the Seven Hub Genes in CGGA and TCGA Cohorts

The results of univariate Cox regression analysis of the seven prognostic-related genes are shown in Figure 7A in CGGA cohort. Among them, SVOP and TNR were determined as the protective factors with HR values<1, whereas the remaining five genes, VAMP5, IGFBP2, METTL7B, VIM, and TAGLN2 were determined as the risk factors with hazard ratio (HR) values >1. According to the optimal cutoff value, a total of 749 samples were divided into two groups according to the expression levels of the seven genes. Survival analysis indicated that patients with high expression of SVOP or TNR had significantly longer overall survival than those with low expression of SVOP/TNR (Figures 7B, C), while the results of VAMP5, IGFBP2, METTL7B, VIM, and TAGLN2 showed opposite trends (Figures 7D–H). Similar results were obtained in TCGA cohort (Figures S4A–H).




Figure 7 | Univariate Cox Forest plot and Kaplan–Meier survival analysis of 7 hub genes in CGGA cohort. (A) Univariate Cox Forest plot of 7 immunity-subtype-related genes. (B) Kaplan–Meier curve survival analysis of 7 hub genes, (B) SVOP, (C) TNR, (D) VAMP5, (E) IGFBP2, (F) METTL7N, (G) VIM, (H) TAGLN2.



Furthermore, we compared the expressions of the seven hub genes among GBM, LGG, and normal tissues. The expression of SVOP was upregulated in the normal tissue than in the GBM (GBM < LGG < normal tissues) (Figures S7A). The expressions of VAMP5, IGFBP2, METTL7B, VIM, and TAGLN2 were lower in normal tissue than in GBM (GBM > LGG > normal tissues) (Figures S7C–G), while the expressions of TNR in LGG was the highest as compared to both the groups (Figures S7B). Subsequently, the glioma patients were divided into low grade and high grade in CCGA and TCGA databases respectively, and the relationships between seven core genes and prognosis of patients were analyzed (Figures S8A–D). The results were basically consistent with Figures 6 and S7.



The Seven Hub Genes Are Significantly Related to Immune Cell Infiltration and T-Cell Inflammation-Associated GEP

To examine the correlation between the seven prognostic-related genes and immune cell infiltrations, the relative abundances of 22 types of infiltrating immune cells in gliomas were quantified using CIBERSORT (Figure 8A). The SVOP and TNR expression had a negative correlation with regulatory T cells (Tregs), M2 macrophages, and neutrophils, while the risk scores based on VAMP5, IGFBP2, METTL7B, VIM, TAGLN2 were significantly positively correlated with these immunosuppressive cell types.




Figure 8 | The 7 core prognostic genes of glioma are significantly related to immune cells infiltration and GEP genes. (A) The correlation between 7 prognostic hub genes and 22 immune cells infiltration. (B) The correlation between 7 prognostic hub genes and 18 GEP expression. *P≤0.05, **P≤0.01.



Furthermore, we explored the correlation between the seven hub genes and T-cell inflammation-associated gene expression profile (GEP) (16). The results showed that the SVOP and TNR expressions were negatively associated with T-cell inflammation GEP, while VAMP5, IGFBP2, METTL7B, VIM, TAGLN2 were significantly positively associated with T-cell inflammation-related GEP (Figure 8B). These results confirmed that the seven hub genes were significantly related to the immune response and may be potential markers for predicting immunotherapeutic responses.



Functional Validation of the Seven Hub Genes in Clinical Specimens

We verified the expression of seven core molecules at the tissue levels, and the results showed that the expression of five molecules (VAMP, SVOP, Transgelin2, VIM, METTL7B) in glioma tissues was significantly higher than that in adjacent tissues, while the expression of TNR was on the contrary, and IGFBP2 had no significant significance (Figure 9A).




Figure 9 | Functional validation of 7 hub genes in clinical specimens. (A) WB assay was used to detect the expression differences of 7 core genes in glioma tissues and adjacent tissues. (B–H) Immunohistochemical staining and statistical analysis of tumor and adjacent tissues in patients with glioma, and Kaplan-Meier curve analysis of overall survival in glioma patients by the expression of 7 core genes. Death/total number of patients in each subgroup were presented. (P, paracancerous; C, cancer). *P≤0.05, **P≤0.01, ***P≤0.001. ns, no significance.



We further validated the protein expression levels of these genes in clinical specimens. A total of 154 glioma samples were divided into high-expression (n=77) and low-expression (n=77) groups according to the IHC scores for the seven genes. Five of these seven genes were significantly related to the survival of glioma patients and one among them did not show statistical significance (Figures 9B–H). However, the expression and prognosis of SVOP were contrary to the results from the database analysis. Further investigation of the function and mechanism of these molecules is needed.




Discussion

The WHO classification guidelines for central nervous system tumors (2021 Edition) classify several tumors with specific molecular changes into unique subgroups. This is of great significance to obtain different prognostic results and can guide the formulation of individualized treatment strategies (2). With the deepened understanding of the immune system, several immunotherapeutic agents have been tested in clinical trials, but most of them ended in failure. One of the underlying reasons is that these clinical trials did not fully consider the characteristics of the patients’ tumor immune microenvironment and failed to distinguish and identify suitable enrolled patients (8). The tumor immune microenvironment is extremely complex, which not only includes a large number of highly heterogeneous tumor cells, but also different types of immune cells and states such as exhaustion and decrepit, thereby leading to mixed effects in immunotherapeutic responses. The current understanding of the glioma immune microenvironment is insufficient to guide clinical practice.

Immunotherapy has revolutionized tumor therapy. In this therapeutic strategy, the drugs can penetrate the blood-brain barrier for the treatment of glioma (22). However, many clinical trials for immunotherapy have not shown favorable results (8, 9). The main reason may be attributed to the complex tumor immune microenvironment, leading to significant heterogeneity in the tumor microenvironment of different patients; thus, the individualized treatment was not easy to achieve (23, 24). Given this, we screened the genetic data in CGGA and TCGA databases and explored the data in the perspective of glioma immune microenvironment classification. A total of seven immune genes related to glioma prognosis were identified and protein expression verification based on pathological tissue samples was performed. In this study, we divided the glioma patients in CGGA and TCGA cohort into three immune subtypes according to their GSVA enrichment scores. The immune-H subtype was significantly correlated with the poor prognosis in all glioma patients. This suggested that our immune-typing may have direct significance for immunotherapy of glioma patients.

Although glioma immunotherapy has been unfavorable, studies on the glioma immune microenvironment have attracted great attention. Previous studies based on single-cell sequencing show significant heterogeneity in tumors (25, 26). This is also one of the possible reasons for the complexity of the tumor immune microenvironment. Therefore, it is important to examine the underlying molecular mechanisms for different immune subtypes in different tumor types. In this study, we queried the KEGG and hallmarks pathways and found that differentially enriched pathways showing significant differences between the immune-H and immune-L subtypes were mainly related to the regulation of the immune microenvironment in glioma. In the immune-H subtype, the immune cells showed higher infiltration than those in the immune-M and immune-L subtypes. Furthermore, 132 genes with significant differential expression were screened by GO enrichment and were found to be mainly enriched in immune-related pathways. Seven immune-related core genes were further screened by LASSO regression analysis and the correlation with the prognostic risk of patients was found to be significant. Through prognostic analysis, these seven genes were found to be significantly correlated with the prognosis of glioma patients and the high-risk score subgroup was significantly correlated with the poor prognosis of these patients. Thus, these identified genes may be potential new targets for immunotherapy for glioma patients and may be of great importance for screening and identifying patients who could benefit from immunotherapy.

Search for new immunotherapeutic strategies is critical to overcoming the obstacles in glioma immunotherapy, however, the molecular markers identified in many previous studies couldn’t be transformed for clinical applicability (27). At present, there were few reports on the 7 molecules we screened, the mechanism involved with tumor immune microenvironment is not clear. Bo-Ra Na have shown that TAGLN 2 is the only molecule in TAGLN family that is related to immune cells and participated in the regulation of immune cell activity (28). Hye-Ran Kim have shown that TAGLN2 could participate in lipopolysaccharide induced macrophage activation through NF KB pathway (29). Through database analysis, some scholars found that mettl7b was highly expressed in gliomas and were associated with poor prognosis, but its specific molecular mechanism was not clear (30). Ting Li have pointed out that IGFBP2 can regulate PD-L1 expression by activating EGFR-STAT3 signaling pathway in melanoma and participate in tumor immunotherapy resistance, but its specific mechanism needs to be further studied (31). However, the mechanism of other molecules in the regulation of tumor immune microenvironment have not been reported.

In our study, the expression of seven core genes in tumor and para tumor tissues was verified by immunohistochemistry and western blotting. The results showed that the expressions of five genes (TNR, VAMP5, METTL7B, TAGLN2, VIM) were high and consistent with the findings from the CGGA and TCGA databases. However, the expression and prognostic prediction for SVOP were contrary to the database findings and there were no significant differences in the expression and prognosis of IGFBP2.

Through analyzing the TCGA-GBM and CGGA-GBM data, the results of SVOP molecules in different databases are quite opposite, and our validation data correlated with that in TCGA database. We believe that the possible reasons include that there are still defects in the current understanding of molecular typing of glioma patients, and the possible effects of IDH, P53, 1P/19Q, PTEN, TERT promoter methylation status and MGMT promoter methylation status on the prognosis of patients are not fully considered in the analysis. According to the report of Prof. Zhao et al. (32), in TCGA database, SVOP is related to hypermethylation status and prognosis in patients with GBM, which may be one of the reasons for inconsistent conclusions, but the internal mechanism has not been reported. SVOP and IGFBP2 may play different functions in different grades of gliomas and follow-up studies in these contexts are in progress.

In conclusion, we analyzed the CGGA and TCGA databases for immune functions, grouped glioma patients, and investigated the specificity and complexity of the glioma immune microenvironment. The identified seven core genes may provide potential targets for glioma immunotherapy and were significantly related to the prognosis of glioma patients. These results emphasize the importance of tumor immunotyping in the development of glioma. Therefore, targeting the related molecules for immunoassay is expected to become a feasible treatment strategy in combined immunotherapy.
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Purpose

Glioblastoma multiforme (GBM) is a common and aggressive form of brain tumor. The N6-methyladenosine (m6A) mRNA modification plays multiple roles in many biological processes and disease states. However, the relationship between m6A modifications and the tumor microenvironment in GBM remains unclear, especially at the single-cell level.



Experimental Design

Single-cell and bulk RNA-sequencing data were acquired from the GEO and TCGA databases, respectively. We used bioinformatics and statistical tools to analyze associations between m6A regulators and multiple factors.



Results

HNRNPA2B1 and HNRNPC were extensively expressed in the GBM microenvironment. m6A regulators promoted the stemness state in GBM cancer cells. Immune-related BP terms were enriched in modules of m6A-related genes. Cell communication analysis identified genes in the GALECTIN signaling network in GBM samples, and expression of these genes (LGALS9, CD44, CD45, and HAVCR2) correlated with that of m6A regulators. Validation experiments revealed that MDK in MK signaling network promoted migration and immunosuppressive polarization of macrophage. Expression of m6A regulators correlated with ICPs in GBM cancer cells, M2 macrophages and T/NK cells. Bulk RNA-seq analysis identified two expression patterns (low m6A/high ICP and high m6A/low ICP) with different predicted immune infiltration and responses to ICP inhibitors. A predictive nomogram model to distinguish these 2 clusters was constructed and validated with excellent performance.



Conclusion

At the single-cell level, m6A modification facilitates the stemness state in GBM cancer cells and promotes an immunosuppressive microenvironment through ICPs and the GALECTIN signaling pathway network. And we also identified two m6A-ICP expression patterns. These findings could lead to novel treatment strategies for GBM patients.





Keywords: glioblastoma, immune microenvironment, m6A, single-cell analysis, cell communication



Introduction

Glioblastoma multiforme (GBM) is the most common primary tumor of the central nervous system, and it is extremely aggressive (1). Standard treatment for GBM is surgical resection followed by chemoradiotherapy, with a 5-year survival of 7.2% (1, 2). Immunotherapy has achieved growing success across systemic cancers, and has become a prominent player in the treatment of GBM (3). Nonetheless, the high degree of genetic heterogeneity and immunosuppressive microenvironment that characterize GBM represent important challenges to the application of immunotherapy to this disease (1). Advancements in knowledge of the immune cells in the GBM microenvironment, particularly glioma-associated microglia, macrophages and T cells, might lead to novel strategies to strengthen anti-tumor immunity (3).

An important aspect of the behavior of these key immune cells involves the N6-methyladenosine (m6A) modification, which has emerged as the most abundant chemical modification of protein-coding and noncoding RNAs (4, 5). To date, regulators of the m6A modification have been reported to be involved in cancer biology, including cancer progression and other processes (4). Notably, the roles of m6A regulators in mediating immunotherapy resistance have been highlighted in recent studies. For instance, expression of METTL3 in macrophages was suggested to synergize with PD-1-based therapy in B16 melanoma (6), and METTL3 and METTL14 have been shown to regulate immune response to anti-PD-1 treatment in melanoma and colorectal carcinoma (7). Together, these findings indicate a role for m6A regulators as potential therapeutic targets in anticancer immunotherapy.

Several m6A regulators have been reported to be upregulated and to play vital roles in GBM, including enhancing cell self-renewal and proliferation in glioblastoma stem cells (GSCs) (8). However, some opposing findings have shown lower expression levels of some m6A writers in GBM and have detected anticancer properties of m6A regulators (8, 9). This conflict suggests a complex role of m6A-related methylation in the occurrence and development of GBM. Notably, though, FTO, YTHDF2, and RBM15 were found to have prognosis predictive value in GBM (8, 10). In addition, patients with higher m6A related risk scores were more sensitive to temozolomide treatment and showed lower drug resistance overall (10).

These findings suggested critical and complex roles of m6A modification in GBM, and more research opportunities and challenges have emerged. Recent development of single-cell analysis methods provides more comprehensive approaches to explore the potential mechanism of action of m6A modifications in GBM at the cellular level. Herein, for the first time, we used scRNA-seq data to thoroughly analyze (Figure 1) the roles of m6A modifications in the GBM microenvironment, especially its relationship with functional states, cell communication and immune checkpoints (ICPs).




Figure 1 | Schematic diagram of the study design.





Materials and Methods


Datasets

Five publicly available human GBM scRNA-seq datasets (11–15) were obtained from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/). Bulk RNA-seq datasets and DNA methylation profiles were obtained from the Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) and the Repository of Molecular Brain Neoplasia Data (REMBRANDT) (16) datasets. These bulk datasets were downloaded via the University of California, Santa Cruz (UCSC) Xena browser (https://xenabrowser.net/) and Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/) websites. A summary description of included scRNA-seq datasets is provided in Supplementary Table S2.



Single-Cell RNA-seq Analysis

The “Seurat” R package (version 4.0.2) (17) was used to perform single-cell RNA-seq analyses. We only included in this study samples with at least 10 000 detected genes. Quality control (QC) was based on following standards: 1) genes detected in fewer than 3 cells were excluded; 2) cells with fewer than 200 total detected genes were excluded; 3) cells with at least 5% (for GSE141383, GSE84465, GSE103224, GSE89567) or 10% (for GSE138794) of mitochondrial genes were excluded; 4) cells with at most 3% (for GSE141383, GSE138794, GSE103224, GSE89567) or 1% (for GSE84465) of ribosomal genes were excluded; 5) cells with at least 0.1% of hemoglobin genes were excluded and 6) cells with total gene expression between first quartile − 1.5 × interquartile range (IQR) and third quartile + 1.5 × IQR were retained to exclude cellular doublets.

Unnormalized datasets were normalized with the “NormalizeData” function in R. Then, these five datasets were merged together, and the zero imputation method was applied to investigate missing data relating to significant markers (Supplementary Table S3). The batch effect was removed via the “fastMNN” algorithm from the “SeuratWrappers” R package (version 0.3.0).

Principal component analysis (PCA) was performed, and the top 20 PCs were used for cluster classification. The initial 20 PCs were also utilized in the further visualization process through the t-distributed stochastic neighbor embedding (t-SNE) algorithm. After cluster classification, different cell clusters were identified and annotated manually within the CellMarker database (http://biocc.hrbmu.edu.cn/CellMarker/) (18). The cell cycle score was calculated with the “CellCycleScoring” function. Cell communication network analysis was conducted with the “CellChat” R package (version 1.1.1). Gene Expression Profiling Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/) was used to compare the expression levels of m6A regulators between GBM and normal samples with bulk RNA-seq datasets.



Single-Sample Gene Set Enrichment Analysis

The ssGSEA algorithm was conducted with the “GSVA” R package (version 1.34.0) to calculate enrichment scores for several gene signatures. The gene set for m6A included 13 m6A readers (YTHDC1, YTHDC2, IGF2BP1, IGF2BP2, IGF2BP3, YTHDF1, YTHDF2, YTHDF3, HNRNPA2B1, HNRNPC, ELAVL1, LRPPRC and FMR1), 8 m6A writers (METTL3, METTL14, WTAP, KIAA1429, RBM15, RBM15B, ZC3H13 and CBLL1) and 2 m6A erasers (FTO and ALKBH5). The gene lists (Supplementary Table S1) for other biological states were from CancerSEA (http://biocc.hrbmu.edu.cn/CancerSEA).



m6A Related Genes

Analyses of Pearson correlations between m6A scores and gene expression were conducted to filter m6A related genes under the following criteria: (1) R value greater than 0.3 or less than -0.3 and (2) P < 0.05. In M2 macrophages, we strengthened the criteria for m6A related genes to R value greater than 0.5 or less than -0.5. The Molecular Complex Detection (MCODE) plugin from Cytoscape software (version 3.8.1) was applied to identify core gene modules with scores greater than 10.



Functional Annotation

Enrichment analyses of biological processes (BP) Gene Ontology (GO) annotations and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed based on the “clusterProfiler” R package (version 3.14.3) with adjusted P < 0.05 as the cutoff criterion.



Protein-Protein Interaction Network Analysis

The PPI network was constructed with Search Tool for the Retrieval of Interacting Genes (STRING) (https://string-db.org/) and visualized with Cytoscape.



Bulk RNA-seq Analysis

To better understand the interaction between m6A regulators and immune checkpoints (ICPs), the “ConsensusClusterPlus” R package (version 1.50.0) was applied to identify distinct clusters of bulk RNA-seq samples with correlated expression levels of m6A regulators and ICPs. The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was utilized to predict potential therapeutic responses of ICP inhibitors. Morpheus (https://software.broadinstitute.org/morpheus) was used to identify differentially expressed genes (DEGs) between clusters. The cutoff criteria for DEGs were: P < 0.05 and |log2 fold-change| ≥ 1. An enrichment analysis of DEGs was conducted and hub genes in DEGs were visualized in a PPI network. The ssGSEA for various gene signatures was performed for each sample. We also conducted the Cell Type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) analysis of the abundance scores of immune cells in GBM samples. A Pearson correlation analysis among the methylation levels and expression levels of m6A regulators and ICPs was performed and visualized with Cytoscape software.



Construction of Predictive Model

To sort GBM patients into 2 clusters, the TCGA and REMBRANDT datasets were used as a training dataset and validation dataset separately. A least absolute shrinkage and selection operator (LASSO) regression analysis was used to identify all genes with P < 0.05. Then, best subset selection was performed to determine the final multivariate logistic regression model. A nomogram was constructed to show the predictive model. The evaluation of the nomogram model was performed with receiver operating characteristic (ROC) curve analysis and calibration curve analysis. “glmnet” (version 4.1), “rms” (version 6.1.0), and “timeROC” (version 0.4) R packages were used for the construction of predictive model.



Sample Source

Tumor tissues were surgically harvested at Jinling Hospital in accordance with institution‐approved protocols. The tissues were collected from 2 glioma patients (without preoperative radiotherapy or chemotherapy), confirmed pathologically as specimens of grade IV gliomas, and fixed in formalin before paraffin-embedded. Tissues from two nontumoral cases were also collected as control. Written informed consent had been obtained from participants.



Cell Lines and Culture

The human GBM cell line U87MG were purchased from cell bank of Shanghai Institute of Biochemistry and Cell Biology and grown in Dulbecco’s Modified Eagle’s medium (DMEM) containing 10% fetal bovine serum (FBS, Gibco, USA). THP-1 was kindly provided by Wentao Liu laboratory, Nanjing Medical University and cultured in 1640 medium with 10% FBS. Cells were cultured at 37°C in a humidified atmosphere with 5% CO2.



Proteins and Reagents

Antibodies against MDK (11009-1-AP) and CD206 (60143-1-lg) was purchased from proteintech, and that against LRP1 (ab92544) was from Abcam. The β-Actin polyclonal antibody (AP0060) and goat anti-rabbit IgG-HRP (BS13278) were purchased from Bioworld. Midkine protein (abs00930) was from Absin Bioscience Inc. The jetPRIME transfection reagent (101000046) was from Polyplus. Anti-CD206 APC (17–2069–41) and its isotype control (17–4714–81) were purchased from eBioscience. And anti-CD11b FITC (101205), its isotype control (400633), and cell staining buffer (420201) was purchased from BioLegend.



Transfections With siRNA

The MDK small interfering RNA (siMDK; forward, 5’-GACCA AAGCA AAGGC CAAATT-3’; reverse, 5’-UUUGG CCUUU GCUUU GGUCTT-3’) and negative control siRNA (siCon; forward, 5’-UUCUC CGAAC GUGUC ACGUTT-3’; reverse, 5’-ACGUG ACACG UUCGG AGAATT-3’) were synthesized by GenePharma (Shanghai, China). U87MG was transfected with 100ul/L MDK siRNA and negative control siRNA respectively, using jetPRIME transfection reagent. Cells were transfected with siRNAs for 48 h prior to the following experiments.



Western Blot Assay

Total proteins of cells were extracted, quantified using BCA kit (23235, Thermo), separated by 10% SDS-PAGE, and transferred onto polyvinylidene difluoride membrane. The membrane was blocked with 5% defatted milk powder for 1.5 h, and was incubated overnight in primary antibody (anti-β-Actin at 1:10000; anti-MDK at 1:1000) at 4°C. On the following day, the membrane was incubated in secondary antibody (goat anti-rabbit IgG-HRP 1:20000) for 1 h at room temperature. After adding ECL chromogenic substrate (Millipore, US), the membrane was imaged using a gel imaging system.



qPCR

RNA was extracted using Ultrapure RNA Kit (CW0597, CWBIO). cDNA was synthesized using a reverse transcription kit (AE311, TransGern) following the instructions in the manual. The endogenous levels of MDK mRNA were determined using the SYBRGreen PCR Kit (AQ131, TransGern). PCR conditions were: denaturation at 94°C for 30 s, followed by 40 cycles of denaturation at 94°C for 5 s, annealing at 61°C for 35 s, followed by elongation at 95°C for 10 s. GAPDH was used as reference gene for MDK. The following primers were used: MDK-F (5’-AAGGATTGCGGCGTGGGTTTC-3’), MDK-R (5’-TGGCGGACTTTGGTGCCTGTG-3’), GAPDH-F (5’-AATCCCATCACCATCTTCCA-3’), and GAPDH-R (5’-AAATGAGCCCCAGCCTTCT-3’). Relative expression level of MDK was calculated using 2-▵▵Ct approach.



Transwell Assay for Cell Migration

THP-1 was primed with 185 ng/ml PMA for 24 hours, and then added to the top chamber of Transwell unit at a density of 3 × 105 cells/unit. Next, U87MG cell suspension was added into the lower chamber. The transwell chamber was cultured at 37°C for 24 h in a cell incubator. The cells were fixed with methanol for 15 min, and stained with 0.1% crystal violet solution for 5 min. Then, cells on the upper surface of the chamber bottom were removed gently with a cotton swab. Finally, observe the invaded cells on the lower surface under an inverted microscope. Three separate membranes were analyzed for each condition.



Flow Cytometry

Staining for cell surface markers was done by re-suspending each sample in 100 µl cell staining buffer containing the antibody cocktail. Three groups were set here. Isotype controls were added into group 1. Anti-CD206 APC and anti-CD11b FITC were added into group 2 (siCon) and 3 (siMDK). Cells were incubated at 4°C for 30 minutes and then washed with cell staining buffer. Cells with CD11b+/CD206+ phenotype were identified as M2 macrophages. Data were immediately acquired using CytoFLEX (Beckman Coulter) and analyzed with FlowJo software (version 10.5.3).



Immunohistochemistry

Paraffin‐embedded clinical tissue specimens were sectioned, dewaxed, and dehydrated. Antigen retrieval was conducted using a pressure cooker for 3 min. Then, sections were washed with 3% methanol H2O2. Subsequently, the sections were incubated overnight at 4°C using primary antibodies against MDK (11009-1-AP, 1:500) and LRP1 (ab92544, 1:300), and treated with biotin-free EnVision detection kit (Dako) for secondary antibody. The labeled antigens were visualized by 3,3’-diaminobenzidine tetrahydrochloride as a chromogen. Finally, the sections were counterstained with hematoxylin. ImageJ software and IHC Profiler plugin were applied for qualitative assessment of IHC slides. Five random fields were observed under microscope.

Sections were scored using Histochemistry score (H-SCORE) method. Staining proportion was scored from 0 to 3, with 0 if negative, 1 if < 25% of cells stained positively, 2 if 26–50% of cells stained positively, and 3 if > 50% of cells stained positively. In addition, the staining intensity was scored as 0, no staining; 1, weak; 2, moderate; and 3, strong. These two scores were multiplied by each other to calculate the expression score of MDK and LRP1, with 0-3 represents low expression, and 4–9 represents high expression.



Immunofluorescence Staining

Segments of samples were dehydrated with 15% and 30% sucrose solution sequentially, embedded in OCT compound, and cryosectioned into 8 μm sections. Fixation was conducted with 4% paraformaldehyde for 15 min. After washing with PBS at room temperature, samples were incubated with 0.1% Triton X-100 for 5-15 min, were followed by washing with PBS. Sections were blocked with 10% goat serum for 1 h at room temperature. Primary antibody was added for overnight incubation at 4°C.

On the following day, primary antibody was removed by rinsing with PBS, and TRITC/FITC -labelled secondary antibody (1:100) was added and incubated at room temperature for 30 min and subsequently stained with DAPI (1:400) for 1-2 min. Coverslips were mounted. Images were obtained under a laser scanning confocal microscope.



Statistical Analysis

All statistical analyses were performed in R software (version 3.6.0 and 4.0.2). Student’s t-test and chi-square test or Fisher’s exact test were used for comparisons of continuous variables and categorical variables. Bar charts were drawn to display the comparisons using the “ggplot” R package (version 3.3.3). The Kaplan–Meier approach was performed to estimate survival, and the overall survival (OS) was compared with log-rank tests. We also applied Pearson correlation analyses to evaluate two continuous variables, after calculating the mean value of these variables in each sample. To avoid the influence of missing data, we excluded samples with missing data in correlation analyses, and only conducted the correlation analysis when there were more than 3 samples. The correlation analysis results were visualized with “corrgram” (version 1.13) and “ggplot” R packages. P < 0.05 values were set as indicating statistical significance.




Results


Analysis of scRNA-seq Data Identifies 7 Types of Cells in GBM

We obtained scRNA-seq profiles of 52 851 single cells from 22 GBM samples (Supplementary Table S2). Following the application of a QC standard, 47 978 single cells were retained (Supplementary Figure 1; Supplementary Table S2). To visualize the distribution of the scRNA-seq profile, we employed a t-distributed stochastic neighbor embedding (t-SNE) algorithm to reduce the dimensionality of these datasets (Figure 2A). After appropriate elimination of the batch effect within these datasets with the “fastMNN” algorithm, the data was well integrated (Figure 2B). With unsupervised classification, cells were successfully classified into 17 clusters (Figure 2C). Based on the expression patterns of markers from CellMarker, we manually annotated these clusters as the following 7 cell types: 1) GBM cancer cells (expressing SOX2, PARP1, and CCND2); 2) M1 macrophages (CD68, CD74, TSPO, and CD86); 3) M2 macrophages (CD68, CD74, and CD163); 4) T cells or natural killer (NK) cells (CXCR4 and S100A4); 5) endothelial cells (A2M and APOLD1); 6) astrocytes (GFAP and SOX9); 7) oligodendrocytes (CNP, MBP, and PLP1) (Figure 2D–F, H). We also detected heterogeneous cell compositions among these included samples (Figure 2I). DEGs for cell types were identified (Figure 2G; Supplementary Table S4), and enrichment analyses for these DEGs were conducted to show related BP and pathways of each cell type (Supplementary Tables S4).




Figure 2 | Identification of 17 cell clusters and 7 types of cells in GBM tumors. (A, B) tSNE plot of GBM cells before (A) and after (B) batch effect elimination. (C) Unsupervised classification successfully identified 17 cell clusters. (D) All 17 clusters were annotated by CellMarker according to the composition of the marker genes. (E) tSNE plot of 7 cell types. (F) Expression levels of marker genes in the 7 cell types. (G) Heatmap of differentially expressed features in each cell type. (H) Distribution of 7 cell types for all included cells. (I) Distribution of 7 cell types in each included sample.





HNRNPA2B1 and HNRNPC Show Extensive Expression in the GBM Microenvironment

First, we obtained the expression levels from the bulk transcriptome of 23 m6A regulators in GBM and normal samples from GEPIA, and found that most m6A regulators have relatively higher expression levels in GBM compared with that in normal samples. Especially notable were HNRNPA2B1, HNRNPC, and WTAP (Supplementary Figure 2J). Then, to explore the expression patterns of m6A regulators in GBM samples at the single-cell level, we drew t-SNE plots of these m6A regulators. In general, all 23 m6A regulators were expressed in all 7 cell types, but not in all cells (Figure 3; Supplementary Figures 2A–I).




Figure 3 | Distribution of m6A regulators in GBM microenvironment. (A) Expression levels of m6A regulators in the 7 cell types. (B–O) tSNE plots of 14 m6A regulators. (P) tSNE plot of cells in 3 cell cycles. (Q) Distribution of cells in 3 stages of the cell cycle in 7 cell types. (R) Expression levels of m6A regulators in 3 stages of the cell cycle.



Notably, HNRNPA2B1 and HNRNPC showed extensive expression pattern in all cell types, but the expression of these m6A regulators was higher in M1 macrophages, GBM cancer cells, and T/NK cells. We further explored the expression levels of these m6A regulators in different cell cycle phases (Figure 3P). Heterogeneity of cell cycle distribution was observed in these included samples (Supplementary Figure 3H). The GBM cancer cells exhibited the most and largest proportion of cells at S and G2M phases. Interestingly, other types of cells, except M1 macrophages, had about 30% to 50% cells in the S and G2M phases. In general, cells at G1 phase showed higher expression of m6A regulators than did cells at S and G2M phases (Figure 3R). For cells at S phase, HNRNPC had highest expression level relative to other m6A regulators. A higher expression level of HNRNPA2B1 was observed in cells at G2M phase. For cells at G1 phase, m6A regulators with higher expression levels were HNRNPA2B1, HNRNPC, WTAP, and YTHDC1.

Similar results were observed in all 7 types of cells, except for M2 macrophages (Supplementary Figures 3A–G). For M2 macrophages at S phase, HNRNPA2B1 was more highly expressed than was HNRNPC. These results indicated intratumor heterogeneity of m6A regulators and intertumor heterogeneity of cell types and cell cycle phases in different samples. The following analyses of expression of m6A modification factors in GBM were based on subsets of the noted cell types.



m6A Regulators Associate With Functional States

To assess the potential relationship between m6A score and scores representing 16 functional states, we conducted a series of Pearson correlation analyses in all 7 cell types (Figures 4A, B). Specifically, we found that in GBM cancer cells, the m6A score was significantly correlated with the stemness score (R = 0.49, P < 0.05). To further explore the relationship between m6A regulators and stemness-related genes, we calculated the mean expression levels of genes in each sample, conducted Pearson correlation and PPI analyses between these two sets of genes (Figures 4C, D), and visualized these results into an m6A regulation network (Figure 4E). These results displayed extensive positive correlations between m6A regulators and stemness-related genes. Notably, SOX2, which can reprogram differentiated glioma cells to glioma stem-like cells (GSCs), has been identified as a bona fide m6A target of METTL3 (19), but the downstream m6A reader of SOX2 in GBM remains unknown. In colorectal carcinoma, IGF2BP2 has been proven to be a downstream m6A reader of SOX2 (20). Our regulation network suggested that both IGF2BP2 and ELAVL1 were potential downstream m6A readers of SOX2 in GBM (Figure 4E).




Figure 4 | Relationship between m6A modification and 16 functional states. (A, B) Correlation heatmap (A) and correlation analysis (B) of m6A score and 16 functional state scores in 7 cell types. (C, D) Correlation heatmap (C) and correlation analysis (D) of m6A regulators and partial stemness related genes in GBM cancer cells. (E) Correlation network of m6A regulators and stemness related genes in GBM cancer cells. NS: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001.



Beside the stemness score in GBM cancer cells, we also found that differentiation score in GBM cancer cells; apoptosis, ferroptosis, and pyroptosis scores in M1 macrophages; epithelial-mesenchymal transition (EMT), invasion, and metastasis scores in M2 macrophages; apoptosis, DNA damage, and pyroptosis scores in T/NK cells; and angiogenesis, invasion, and pyroptosis scores in endothelial cells were all significantly correlated with m6A score. We further conducted Pearson correlation analyses between these gene sets and m6A regulators. By combining of these correlation analyses with PPI analyses, we constructed 13 m6A regulation networks (Supplementary Figure 4). These networks provided valuable information about potential regulatory mechanisms of m6A regulators in the GBM microenvironment, which will be explored and verified in further studies.



Modules of m6A Related Genes Associate With Immune-Related Terms

By conducting the Pearson correlation analysis between m6A score and all genes in all 7 cell types, we filtered m6A related genes for each cell type under the P < 0.05 criterion. With PPI analysis and the MCODE plugin from Cytoscape software (Degree cutoff = 2; Node score cutoff = 0.2; K-core = 2 and Max depth = 100), we identified functional modules of m6A related genes in a PPI network (Supplementary Figure 5; Supplementary Table S5). Enrichment analysis was applied for each cluster to explore potential related BP and pathways (Supplementary Table S5). As expected, all cell types had clusters related to mRNA modification. Also, we found energy conversion and cell cycle related terms in clusters of most cell types. Specifically, terms related to antigen processing and presentation process were enriched in cluster 2 of GBM cancer cells and cluster 1 of endothelial cells (Supplementary Table S5). In KEGG analyses, terms relating to “PD-L1 expression and PD-1 checkpoint pathway in cancer” were enriched in cluster 2 of M2 macrophages and cluster 1 and 2 of endothelial cells (Supplementary Table S5).



m6A Regulators Promote Immunosuppressive Activities Through the GALECTIN Signaling Network

We performed cell communication analysis in all samples and each sample separately to explore robust signal pathways in the GBM cancer microenvironment. Through subgroup analysis for each included sample, we discovered that genes from the GALECTIN (LGALS9, CD44, CD45, and HAVCR2), GRN (GRN and SORT1), MK (MDK, PTPRZ1, NCL, ITGA6, ITGB1, LRP1, and SDC4), PTN (PTN, PTPRZ1, NCL, SDC3, and SDC4), SPP1 (SPP1, CD44, ITGAV, and ITGB1), ANNEXIN (ANXA1 and FPR1), and VISFATIN (NAMPT and INSR) signaling pathway networks were detected in most samples with consistent network patterns (Supplementary Figures 6M, N; Supplementary Figure 6; Supplementary Table S6). Specifically, M1 and M2 macrophages targeted other cells in the GALECTIN, GRN and SPP1 signaling pathway networks (Supplementary Figures 6C, D, G, H), and GBM cancer cells regulated other cells in the MK and PTN signaling pathway network (Supplementary Figures 6M, N; Supplementary Figures 6E, F).

Next, we conducted a Pearson correlation analysis to investigate whether m6A regulators were involved in the regulation of these signaling pathway networks (Supplementary Figures 7-10). The GALECTIN signaling network plays an important role increasing induced regulatory T (iTreg) cell stability and suppressing T-cell proliferation (21). The expression level of genes in the GALECTIN signaling pathway network were higher in M1 macrophages, M2 macrophages, and T/NK cells (Supplementary Figure 10C). Our Pearson correlation analysis showed that in M2 macrophages, expression levels of YTHDC1, YTHDC2, IGF2BP2, IGF2BP2, HNRNPC, ELAVL1, LRPPRC, ZC3H13, and ALKBH5 were positively correlated with expression of LGALS9, the gene encoding galectin-9 (Supplementary Figures 8A, B). In T/NK cells, CD44 expression was positively correlated with that of YTHDF2 and HNRNPA2B1 and negatively correlated with FTO and ALKBH5. In T/NK cells, expression of HAVCR2, which encodes TIM-3, was positively correlated with that of YTHDF2. These results suggested that m6A modification may promote immunosuppressive activities through the GALECTIN signaling pathway network in the GBM immune microenvironment.



MDK Induces Macrophage Migration and M2 Polarization

Research reported that LRP1 attenuates proinflammatory macrophage activation as receptor for MDK (22). And our prementioned cell communication analysis found MK signaling pathway network (MDK, PTPRZ1, NCL, ITGA6, ITGB1, LRP1, and SDC4) in GBM samples. We assumed that the MK network (MDK/LRP1) played a significant role regulating macrophage activation in GBM. First, we collected four samples (Normal = 2; GBM = 2). IHC analysis showed a trend that the expression of MDK and LRP1 was higher in GBM patients (Figure 5A). To further validate our hypothesis, we first knockdown the expression of MDK in U87MG cell line with siRNA (Figure 5B), and coculture its supernate with induced THP-1. Tanswell assay revealed that compared with negative control (siCon), the knockdown of MDK (siMDK) significantly deceased the migration of macrophages (Figure 5C). Then, we induced THP-1 (human monocyte line) into macrophages in the upper chamber of transwell unit, and added recombinant protein MDK into the lower chamber of it. Interestingly, the addition of MDK protein showed significant effect on macrophages migration as well (Figure 5D). To assess the effect of MDK on the polarization of macrophages, we cocultured induced THP-1 with supernate from GBM in siMDK and siCon groups respectively. Flow cytometry showed less M2 polarization (CD11b+/CD206+) in the siMDK group, compared with siCon group (Figure 5E). The results suggested that MDK significantly induces an immunosuppressive macrophage differentiation. Finally, we conducted immunofluorescence staining to explore the co-localization of MDK and CD206 (marker of M2 macrophages). Results revealed more co-localization of MDK and CD206 in GBM tissues compared with that in normal brain tissues (Figure 5F).




Figure 5 | MDK promotes migration and immunosuppressive polarization of macrophage. (A) The expression of MDK and LRP1 in GBM tissues (n = 2) and normal tissues (n = 2) determined using IHC (scale bar = 50 μm). And the CT and MRI images of GBM patients. (B) The siRNA knockdown effect confirmed with western blot and qPCR experiments. (C) THP-1 was treated with 185 ng/ml PMA for 24 h in the upper chamber of transwell unit. And then, coculture it with supernate from U87MG medium in the lower chamber for 24 h. The image showed the macrophages migrate through the membrane of chamber (scale bar = 100 μm). (D) THP-1 was treated with 185 ng/ml PMA for 24 h in the upper chamber of transwell unit. And then, coculture it with MDK protein at various concentration gradients in the lower chamber for 24 h. The image showed the macrophages migrate through the membrane of chamber (scale bar = 100 μm). (E) THP-1 was treated with 185 ng/ml PMA for 24 h. And then, coculture it with supernate from U87MG medium for 72 h The flow cytometry showed the expression levels of CD11b and CD206 in these cells. Bar plot showed the proportion of M2 macrophages (CD11b+/CD206+). **p < 0.01, ***p < 0.001, ****p < 0.0001. (F) Immunofluorescence staining showed the expression levels and co-localization of MDK and CD206 in normal brain tissues and GBM tissues.





m6A Regulators Correlate With ICPs in Immune Microenvironment

Having demonstrated that m6A regulators were associated with immune related process, we next addressed whether m6A regulators were correlated with ICPs in the GBM microenvironment (Supplementary Figure 11). Our results revealed that in GBM cancer cells, expression of CD274 (PD-L1), PDCD1LG2 (PD-L2), LGALS9 (Galectin-9), and PVR (CD155) were positively correlated with the expression of multiple m6A regulators, especially YTHDF2, YTHDF3, LRPPRC, METTL3, RBM15B, FTO, and ALKBH5 (Supplementary Figures 11A, B). In M2 macrophages, LGALS9, CD86, and PVR showed positive correlations with YTHDC1, YTHDC2, YTHDF2, YTHDF3, ELAVL1, LRPPRC, METTL3, METTL14, ZC3H13, and ALKBH5 (Supplementary Figures 11E, F). Also, we found positive correlations between HAVCR2 (TIM-3) and YTHDF2 (Supplementary Figures 11G, H) in T/NK cells. These results indicated that m6A modification may upregulate these suppressive immune check points and further promote the immunosuppressive microenvironment.



Bulk RNA-seq Analysis Identifies Two m6A-ICP Expression Patterns

As we have determined that ICPs in the GBM microenvironment were correlated with m6A regulators, we next explored the m6A-ICP expression pattern in bulk RNA-seq profiles. According to the similarities of expression of 23 m6A regulators and 13 ICPs, we performed consensus clustering, an unsupervised clustering algorithm, in TCGA, CGGA and REMBRANDT datasets, respectively. The optimal clustering stability was obtained when K = 2 (Supplementary Figures 12A–F; Supplementary Figures 15A–C), and samples were clustered into two subgroups with different distinct features. Cluster 1 showed a low m6A/high ICP expression pattern in the heatmap of expression levels. A high m6A/low ICP expression pattern was observed for cluster 2 (Figures 6A, B; Supplementary Figure 15D). PCA for expression levels of m6A regulators and ICPs revealed prominent differences between these 2 subgroups (Figures 6C, E; Supplementary Figure 15E). Notably, the predicted potential therapeutic response of ICP inhibitors, conducted with the TIDE algorithm, was significantly different between these 2 subgroups in TCGA and REMBRANDT datasets (Figures 6D, F; P < 0.001). Patients in cluster 1 were more likely to response to ICP inhibitor therapy (> 50% were predicted responders), but fewer than 25% patients in cluster 2 were predicted to response to this immunotherapy. In the CGGA datasets, although no statistical significance was observed between these two clusters, cluster 1 showed a trend with higher response proportion to ICP inhibitor therapy (Supplementary Figure 15F). However, the overall survival and clinical characteristics, including age, gender, IDH mutation status, and X1p19q codeletion status, were similar between these two clusters (Supplementary Figures 12G–J).We further assessed the potential difference of functional states between these 2 clusters. An ssGSEA analysis detected consistent trends between TCGA and REMBRAMDT datasets with statistical significance in the following functional states: apoptosis, cell cycle, DNA damage, DNA repair, inflammation, quiescence and m6A modification (Figure 6G; Supplementary Figures 13A). In order to explore the immune infiltration of these 2 clusters, we utilized the CIBERSORT algorithm and compared the enrichment scores of 22 types of immune cells between these 2 clusters. Interestingly, in both TCGA and REMBRAMDT datasets, the proportion of follicular helper T cells in cluster 1 was lower than that in cluster 2, and there were more M2 macrophages in cluster 1 compared with cluster 2 (Figure 6H; Supplementary Figure 13B).




Figure 6 | Bulk RNA-seq analysis for GBM patients and predictive model construction and validation. (A, B) Heatmap of m6A regulators and immune checkpoints (ICPs) revealed the different m6A-ICP expression patterns for 2 clusters identified by consensus clustering (for TCGA (A) and REMBRANDT (B) datasets separately). (C, E) Principal component analysis of 2 identified clusters (for TCGA (C) and REMBRANDT (E) datasets separately). (D, F) Predicted potential therapeutic response of ICP inhibitors of 2 identified clusters (for TCGA (D) and REMBRANDT (F) datasets separately). (G) Bar charts illustrating the differences of functional state scores between 2 identified clusters for TCGA dataset. (H) Bar charts illustrating the differences of CIBERSORT scores between 2 identified clusters for TCGA dataset. ns: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001, ****P ≤ 0.0001. (I, J) Correlation network of the expression levels and methylation levels of m6A regulators and ICPs in 2 identified clusters. (K) The nomogram for distinguishing 2 identified clusters. (L, M) ROC curves of the nomogram distinguishing 2 identified clusters (L for training dataset and G for validation dataset). (N, O) Calibrate plots of the nomogram distinguishing 2 identified clusters (N for training dataset and O for validation dataset).



In revealing differences between the two clusters at the gene level, we detected 224 up-regulated DEGs and 33 down-regulated DEGs in cluster 1 compared with cluster 2 in TCGA dataset (Supplementary Figure 13E). However, no DEGs were found in the REMBRAMDT dataset. Enrichment analyses of these 224 up-regulated DEGs uncovered immune-related BP terms (Supplementary Figure 13F). KEGG analysis on the up-regulated DEGs was also conducted (Supplementary Figure 13G). We further performed PPI network analyses for all DEGs, and the “cytoHubba” plugin from Cytoscape software was used to reveal hub genes. CASR, CCL19, CCR8, CCL13, RLN3, TAS2R42, SSTR4, MTNR1A, and RXFP3 were detected as hub genes (Supplementary Figure 13H).

In order to address the potential regulatory mechanism between m6A regulators and ICPs at the multiomics level, samples with mRNA-seq profiles and DNA methylation profiles from TCGA were extracted for Pearson correlation analysis. Complex correlation networks of the expression levels and methylation levels of m6A regulators and ICPs for all samples and two clusters, respectively, were constructed (Supplementary Figure 14A; Figures 6I, J). Extensive correlation between expression levels of m6A regulators and ICPs were observed, and significant negative correlations between expression levels and DNA methylation levels were detected in IGF2BP3, METTLE3, ALKBH5, CTLA4, and TIGIT (Supplementary Figure 14A). In the subnetworks of these 2 clusters, more positive correlations between expression levels of m6A regulators and ICPs were found in cluster 1. For IGF2BP3, a negative correlation between expression levels and DNA methylation levels were consistent in these two clusters. However, other statistically significant negative correlations between expression levels and DNA methylation levels were different between cluster 1 and 2 (Figures 6I, J). These results suggested different underlying mechanisms of the expression and DNA methylation of m6A regulators and ICPs between cluster 1 and 2 GBM patients.



Construction and Validation of Predictive Model

Having demonstrated that these 2 clusters had distinct features, we next constructed and validated a predictive nomogram model to distinguish these 2 clusters. The LASSO algorithm identified 32 genes, with the optimal λ being 0.02800602 (Supplementary Figures 14B, C). Then, a best subset selection analysis was performed to determine the final model. Because of the limitations of the computing power of our device, we only analyzed models with up to 16 variables. The final model contains the following 6 variables: IGF2BP3, MAGEF1, PDCD1, CHKB, CD86, and TIGIT. The final multivariable logistic regression model was visualized as a nomogram (Figure 6K). The nomogram showed excellent discrimination performance in TCGA (training cohort, area under curve (AUC) = 0.991), REMBRANDT (validation cohort, AUC = 0.967) and CGGA (validation cohort, AUC = 0.721) datasets (Figures 6L, M; Supplementary Figure 15G). Calibration plots were drawn, and the calibration was as expected in both training and validation cohorts (Figure 6N, O; Supplementary Figure 15H). These evaluations proved that the nomogram model performed well in distinguishing these 2 GBM clusters.




Discussion

Treatment, especially immunotherapy, for GBM remains a challenge (1, 2). The role of m6A modification has been shown to be involved in cancer biology (4) and mediating immunotherapy resistance (6, 7). Therefore, there is an urgent need to apply new technologies, including single-cell analysis, to explore potential mechanisms of m6A modification in the GBM microenvironment. However, to date, no study has provided an m6A modification landscape for GBM microenvironment at the single-cell level. In this study, we retrieved single-cell RNA-seq datasets and used them to identify 7 types of cells in the GBM microenvironment and evaluated the associations between m6A regulators and functional states, potential BP, cell communication, and ICPs for these cell types. We discovered that m6A modification facilitates the stemness state in GBM cancer cells and promotes an immunosuppressive microenvironment through ICPs and the GALECTIN signaling pathway network. With bulk RNA-seq datasets, we further identified 2 clusters of patients with distinct m6A-ICP expression patterns (low m6A/high ICP and high m6A/low ICP) and predicted the responses to ICP inhibitors. A well performing nomogram model was constructed to distinguish these 2 GBM clusters.

The high inter-tumor heterogeneity of GBM immune microenvironment has reached a broad consensus. In the current research, we observed high inter-tumor heterogeneity of M1 and M2 macrophage proportions (Figure 2A). In around half of included samples, the infiltration proportions of M2 macrophage were higher than that of M1 macrophages. And higher proportions of M1 macrophages were found in the other samples (Figure 2I). Sørensen et al. (23) reported interesting phenomenon that on average 44% and 8% of the tumor associated macrophages (TAM) expressed the marker HLA-DR and TNF-α for M1 macrophages, respectively, while 10% and 3% of TAMs expressed IL10 and TGF-β1, which were markers for M2 macrophages. Also, these proportions varied greatly among different samples. These results indicated that the proportions of M1 and M2 macrophages in GBM have high inter-tumor heterogeneity.

There has been limited discussion about the distribution of expression of m6A regulators in different cell types and throughout cell cycle phases. The bulk RNA-seq dataset revealed that most m6A regulators have relatively high expression levels in GBM compared with levels in normal samples. This finding was especially apparent for HNRNPA2B1, HNRNPC and WTAP (Supplementary Figure 2J). A previous study has shown increased expression of METTL3 and decreased expression levels of METTL14 and ALKBH5 and no significantly changes to the expression of FTO in GSCs (8). Another research detected elevated ALKBH5 in GSCs (24). The present study detected the expression levels of 23 m6A regulators in 7 types of cells and 3 cell cycle phases. We found that expression levels of m6A regulators were higher in M1 macrophages, GBM cancer cells, and T/NK cells than in other types of cells (Figure 3A), and cells at G1 phase showed higher expression levels of m6A regulators relative to that of cells at S and G2M phases (Figure 3R). HNRNPA2B1 and HNRNPC had obviously higher expression levels than other m6A regulators in all 7 types of cells and 3 cell cycle phases. Thus, besides the intratumor heterogeneity of m6A regulators, we also detected obvious intertumor heterogeneity of cell types and cell cycle phases in different samples (Figure 3Q; Supplementary Figure 3H). These results suggested that the roles of m6A modification in GBM may be different in different types of cells, and further investigations of m6A modifications in GBM should take cell type into consideration.

Multiple studies have analyzed the mechanisms by which m6A modification maintains stemness of GSCs. For example, ALKBH5 promotes stemness of GSCs by sustaining FOXM1 expression (24, 25) and METTL3 (19), HNRNPA2B1 and HNRNPC (26) maintain stemness of GSCs by targeting SOX2. The product of the SOX2 gene is an oncogenic transcription factor in many cancers; accordingly, in the current research, we found significant positive correlations between SOX2 and YTHDC1, IGF2BP2, HNRNPC, ELAVL1, FMR1, KIAA1429, and ZC3H13 in GBM cancer cells (Figure 4D, E). Among these m6A regulators, IGF2BP2 had been proven to be a downstream m6A reader of SOX2 in colorectal carcinoma (20). Our results suggested that YTHDC1, IGF2BP2, HNRNPC, ELAVL1, FMR1, KIAA1429, and ZC3H13 may have potential interactions with SOX2 and further promote stemness of GBM cancer cells. The research of Su et al. demonstrated that FTO plays a carcinogenic role maintaining the self-renewal ability of GSCs via FTO/m6A/MYC/CEBPA signaling (27). Importantly, MYC is a commonly activated oncogene in human cancer. Our correlation analysis uncovered positive correlations between MYC and IGF2BP1, YTHDF1, YTHDF2, YTHDF3, HNRNPC, LRPPRC, METTL3, WTAP, KIAA1429, RBM15, RBM15B, CBLL1, FTO, and ALKBH5 (Figure 4D, E). The IGF2BP1 protein has been proposed to protect MYC mRNA from endonucleolytic attack (28). These results indicated a more extensive potential stemness regulation network between MYC and these m6A regulators in GBM cancer cells.

The m6A modification was reported to play a role in programmed cell death, including apoptosis (9, 29–32), ferroptosis (33, 34) and pyroptosis (35, 36). These studies mainly focused on cancer cells, and none of them have discussed the immune cells in the tumor microenvironment. In our research, we found that the m6A score was significantly correlated with apoptosis, ferroptosis and pyroptosis in M1 macrophages and apoptosis and pyroptosis in T/NK cells in GBM microenvironment (Figures 4A, B). Further correlation analysis of m6A regulators and these programmed cell death-related gene sets were visualized as regulation networks (Supplementary Figures 4B–D, H, J). These results indicated a potentially complex mechanism of m6A modification-mediated programmed cell death in M1 macrophages and T/NK cells. It remains unknown whether programmed cell death in these immune cells could lead to the immunosuppressive microenvironment in GBM or not. And the regulatory role of m6A regulators in these processes is still unclear. Further research is needed in order to verify these findings and to analyze its impact on the GBM microenvironment.

The GALECTIN signaling pathway network includes 3 ligand-receptor pairs (LGALS9-CD44, LGALS9-CD45, LGALS9-HAVCR2; Supplementary Table S6). LGALS9 (Galectin-9) and HAVCR2 (TIM-3) are known as immune check points. CD45 (PTPRC) was an essential regulator of T cell activation (37), and CD44 is involved in diverse cellular processes including proliferation, apoptosis, and angiogenesis (38). Limited studies have discussed the role of m6A modification in the GALECTIN network. Wang et al. reported that IGF2BP1 stabilizes mRNA transcripts of CD44 and further promotes proliferation and invasion of GBM (39). A study from Lin et al. found positive correlations between expression of YTHDF2 and HAVCR2 in lower-grade glioma (40). In the current research, we observed robust occurrence of the GALECTIN network in included samples (Supplementary Figures 6A, B), which indicated that the GALECTIN network plays an important role in the GBM microenvironment. The network mainly started from M1 and M2 macrophages and was targeted at other types of cells in the GBM microenvironment. Relatively high expression levels of genes in the GALECTIN network were detected in M1 macrophages, M2 macrophages, and T/NK cells (Supplementary Figure 10C). Further correlation analysis found extensive significant correlations between m6A regulators and genes in the GALECTIN network (Supplementary Figures 7C, D; Supplementary Figure 8). These results indicated that the m6A modification was involved in the potential regulatory mechanism of the GALECTIN network. However, the detailed regulatory pathways between m6A modification and the GALECTIN network is still known. And whether inhibiting the GALECTIN network by regulation of m6A modification could lead to better prognosis of GBM patients remains to be further verified.

We conducted a series of in vitro experiments to validate the regulation role of MDK in GBM microenvironment (Figure 5). Based on our results, MDK, which was secreted by GBM cancer cells, induced the migration and immunosuppressive polarization of macrophages. Our results were consistent with the role of MDK identified by Zhang et al. in 2021 (41). In their gallbladder cancer research, MDK interacts with its receptor LRP1, which is expressed by tumor-infiltrating macrophages, and further promotes immunosuppressive macrophage differentiation. We assume that MDK could be a treatment target for GBM, further in vivo validation and translational research are expected to develop a novel therapy for GBM.

Rapid progress in cancer immunotherapy, especially in the development of ICP inhibitors, has revolutionized the treatment of many solid tumors and driven the study of immunotherapy in glioma. However, the effect of ICP blockades in GBM has not been satisfactory (42). Some studies have found that m6A modification was correlated with immune infiltration in glioma (43–47). However, to date, no research has analyzed the relationship between m6A modification and ICPs in GBM. In the current study, we revealed extensive correlations between m6A regulators and ICPs in GBM cancer cells, M2 macrophages, and T/NK cells (Supplementary Figure 11). Notably, in GBM cancer cells, CD274 (PD-L1), PDCD1LG2 (PD-L2), LGALS9 (Galectin-9), and PVR (CD155) were correlated with m6A regulators. In the bulk RNA-seq analysis, we identified 2 clusters of patients. Cluster 1 patients (low m6A/high ICP) showed higher predicted response rates to ICP inhibitors, and cluster 2 patients (high m6A/low ICP) had lower predicted response rates (Figures 6A, B, D, F). Although these 2 clusters showed different m6A-ICP expression patterns, they had similar overall survival times (Supplementary Figures 12I, J). These results indicated that these 2 clusters may have different mechanisms for immune escape and require different treatment strategies.

In the current research, the LASSO analysis and best subset selection analysis filtered 6 genes, which could distinguish these 2 clusters. Among them, IGF2BP3 was a m6A reader. PDCD1, CD86, and TIGIT were significant ICPs. MAGEF1 (melanoma antigen family F1) is a member of MAGE family and belongs to type 2 MAGE (T2M) category (48). Arora et al. ’s research found that in glioma downregulation of T2Ms was associated with immune infiltration and poor overall survival (48). Weon et al. reported that MAGEF1 alters DNA repair enzymes via the cytosolic iron-sulfur cluster assembly (CIA) pathway (49). And MAGEF1 was highly amplified in multiple human cancer types and related with increased mutational burden (49). Based on these findings, MAGEF1 might related with ICPs via m6A modification or CIA pathways, which needed to be further explored. CHKB (choline kinase beta) played a key role maintaining the normal phosphatidylcholine level (50). The relationship between CHKB and glioma haven’t been explored. Our results showed that lower expression level of CHKB suggested higher possibility of cluster 2 (high m6A/low ICP; Figure 6K). However, the potential mechanisms need to be further analyzed.

Based on the correlations between m6A regulators and ICPs found in the current study, we suggest that by targeting these related m6A regulators, researchers may downregulate the expression of these immune suppressive ICPs and further enhance the efficacies of ICP inhibitors for cluster 2 patients. Further research is needed to verify these findings and to specify how it influences strategies directing the use of ICP inhibitors for GBM.

Research have found that tumors with extensive infiltration of immunosuppressive macrophages are refractory to ICP inhibitor therapy (51, 52). However, contrary results were observed in our research. TIDE algorithm predicted that cluster 1 was more responsive to ICP inhibitors (Figures 6D, F), and CIBERSORT algorithm showed higher M2 macrophage infiltration in cluster 1(Figure 6H; Supplementary Figure 13B). These results may reflect the inner complexity of GBM. Further high-quality research of ICP inhibitors in GBM are expected.

The current research revealed the m6A regulators expression landscape of GBM at single-cell level. Our research suggested that by altering the m6A modification in GBM, researchers may be able to influence the stemness status and immunosuppressive microenvironment of GBM. Combined with immunotherapy, these regulations have potential to advance the treatment effect of immunotherapy.

Some limitations in the current study should be acknowledged. First, as a retrospective study, these analyses were conducted using published datasets, and the results about potential mechanisms of action of m6A modifications in the GBM microenvironment need further experimental validation. Second, we were not able to identify clusters of GSCs and to separate the T/NK cluster into more detailed clusters. Here, the problem may be due to limited cell numbers for these cell types. Third, missing data was observed after merging the 5 single-cell datasets. However, the data of m6A regulators was almost complete, and only a few datasets partially lacked genes for some ICPs (Supplementary Table S3). Also, the information regarding the rest of the genes is complete. To avoid the influence of the missing data in the analysis, we excluded samples with missing data in the analyses of correlations between m6A regulators and ICPs (Supplementary Figure 11).



Conclusion

Through analyses at the single-cell level, for the first time, we discovered that m6A modification facilitates stemness state in GBM cancer cells and promotes the immunosuppressive microenvironment through ICPs and the GALECTIN signaling pathway network in the GBM microenvironment. We further identified 2 clusters of patients with distinct m6A-ICP expression patterns (low m6A/high ICP and high m6A/low ICP) and predicted the response of ICP inhibitors in bulk RNA-seq analysis. A well performing nomogram model was constructed to distinguish these 2 GBM clusters. We hope the novel understanding of the roles of m6A modification in the GBM microenvironment may assist the development of immunotherapy and precision treatment in GBM.
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Supplementary Figure 1 | Quality control of samples from (A) GSE141383, (B) GSE138794, (C) GSE84465, (D) GSE103224, and (E) GSE89567 datasets.

Supplementary Figure 2 | Distribution of m6A regulators in GBM microenvironment. (A–I) tSNE plots of 9 m6A regulators. (J) Expression levels of 23 m6A regulators in GBM and normal samples from bulk RNA-seq dataset in GEPIA website.

Supplementary Figure 3 | Expression levels of m6A regulators in 3 cell cycles. (A-G) Expression levels of m6A regulators in 3 stages of the cell cycle from GBM cancer cells (A), oligodendrocytes (B), astrocytes (C), M1 macrophages (D), M2 macrophages (E), T/NK cells (F), and endothelial cells (G). (H) Distribution of 3 stages of the cell cycle in each included sample.

Supplementary Figure 4 | correlation network of m6A regulators and functional states. (A) correlation network of m6A regulators and differentiation related genes in GBM cancer cells. (B-D) correlation network of m6A regulators and apoptosis (B), ferroptosis (C), and pyroptosis (D) related genes in M1 macrophages. (E-G) correlation network of m6A regulators and EMT (E), invasion (F), and metastasis (G) related genes in M2 macrophages. (H–J) correlation network of m6A regulators and apoptosis (H), DNA damage (I), and pyroptosis (J) related genes in T/NK cells. (K-M) correlation network of m6A regulators and angiogenesis (K), invasion (L), and metastasis (M) related genes in endothelial cells.

Supplementary Figure 5 | m6A related gene clusters and functional annotation. (A-C) PPI networks of cluster 1 (A), cluster 2 (B), and cluster 3 (C) of m6A related genes in GBM cancer cells. (D–F) PPI networks of cluster 1 (D), cluster 2 (E), and cluster 3 (F) of m6A related genes in M1 macrophages. (G-I) PPI networks of cluster 1 (G), cluster 2 (H), and cluster 3 (I) of m6A related genes in M2 macrophages. (J, K) PPI networks of cluster 1 (J), and cluster 2 (K) of m6A related genes in T/NK cells. (L-N) PPI networks of cluster 1 (L), cluster 2 (M), and cluster 3 (N) of m6A related genes in endothelial cells. (O-Q) PPI network and enriched biological process terms of cluster 1 (O), cluster 2 (P), and cluster 3 (Q) of m6A related genes in oligodendrocytes.

Supplementary Figure 6 | Cell communication analysis reveals robust signal pathways in the GBM cancer microenvironment. (A, B) The GALECTIN signaling pathway network as detected in cell communication analyses for all samples (A) and each sample (B). (C, D) The GRN signaling pathway network as detected in cell communication analyses for all samples (C) and each sample (D). (E, F) The PTN signaling pathway network as detected in cell communication analyses for all samples (E) and each sample (F). (G, H) The SPP1 signaling pathway network as detected in cell communication analyses for all samples (G) and each sample (H). (I, J) The ANNEXIN signaling pathway network as detected in cell communication analyses for all samples (I) and each sample (J). (K, L) The VISFATIN signaling pathway network as detected in cell communication analyses for all samples (K) and each sample (L). (M, N) The MK signaling pathway network as detected in cell communication analyses for all samples (M) and each sample (N).

Supplementary Figure 7 | Correlation analysis of m6A regulators and genes in signaling pathway networks in GBM cancer cells and M1 macrophages. (A, B) Correlation heatmap (A) and correlation analysis (B) of m6A regulators and genes in signaling pathway networks in GBM cancer cells. (C, D) Correlation heatmap (C) and correlation analysis (D) of m6A regulators and genes in signaling pathway networks in M1 macrophages. NS: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001.

Supplementary Figure 8 | Correlation analysis of m6A regulators and genes in signaling pathway networks in M2 macrophages and T/NK cells. (A, B) Correlation heatmap (A) and correlation analysis (B) of m6A regulators and genes in signaling pathway networks in M2 macrophages. (C, D) Correlation heatmap (C) and correlation analysis (D) of m6A regulators and genes in signaling pathway networks in T/NK cells. NS: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001.

Supplementary Figure 9 | Correlation analysis of m6A regulators and genes in signaling pathway networks in endothelial cells and astrocytes. (A, B) Correlation heatmap (A) and correlation analysis (B) of m6A regulators and genes in signaling pathway networks in endothelial cells. (C, D) Correlation heatmap (C) and correlation analysis (D) of m6A regulators and genes in signaling pathway networks in astrocytes. NS: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001.

Supplementary Figure 10 | Correlation analysis of m6A regulators and genes in signaling pathway networks in oligodendrocytes. (A, B) Correlation heatmap (A) and correlation analysis (B) of m6A regulators and genes in signaling pathway networks in oligodendrocytes. (C) Expression levels of genes in signaling pathway networks in 7 cell types. NS: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001.

Supplementary Figure 11 | Correlation analysis of m6A regulators and immune checkpoints (ICPs). (A, B) Correlation heatmap (A) and correlation analysis (B) of m6A regulators and ICPs in GBM cancer cells. (C, D) Correlation heatmap (C) and correlation analysis (D) of m6A regulators and ICPs in M1 macrophages. (E, F) Correlation heatmap (E) and correlation analysis (F) of m6A regulators and ICPs in M2 macrophages. (G, H) Correlation heatmap (G) and correlation analysis (H) of m6A regulators and ICPs in T/NK cells. (I, J) Correlation heatmap (I) and correlation analysis (J) of m6A regulators and ICPs in endothelial cells. (K, L) Correlation heatmap (K) and correlation analysis (L) of m6A regulators and ICPs in astrocytes. (M, N) Correlation heatmap (M) and correlation analysis (N) of m6A regulators and ICPs in oligodendrocytes. NS: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001.

Supplementary Figure 12 | Identification and validation of 2 clusters of GBM patients in bulk RNA-seq analysis. (A, D) Consensus clustering matrix for k = 2, which was the optimal cluster number in the TCGA dataset (A) and REMBRANDT dataset (D). (B, E) CDF curves of the consensus score (k = 2-6) in the TCGA dataset (B) and REMBRANDT dataset (E). (C, F) Relative change in the area under the CDF curve (k = 2-6) in the TCGA dataset (C) and REMBRANDT dataset (F). (G, H) Clinical features of 2 identified clusters in the TCGA dataset (G) and REMBRANDT dataset (H). (I, J) Kaplan-Meier survival analyses of 2 identified clusters in the TCGA dataset (I) and REMBRANDT dataset (J)

Supplementary Figure 13 | comparison of 2 identified clusters of GBM patients in bulk RNA-seq analysis. (A) Bar charts illustrating the differences of functional state scores between 2 identified clusters for REMBRANDT dataset. (B) Bar charts illustrating the differences of functional state scores between 2 identified clusters for REMBRANDT dataset. (C, D) Bar charts illustrating the differences of expression levels of m6A regulators, immune checkpoints, and genes in detected cell communication signaling pathway networks between 2 identified clusters for TCGA (C) and REMBRANDT (D) dataset. (E) Volcano plot of differentially expressed genes (DEGs) between 2 identified clusters in TCGA dataset. (F, G) GO (F) and KEGG (G) analyses of up-regulated DEGs in TCGA dataset. (H) PPI network showing hub genes of up-regulated DEGs in TCGA dataset. ns: P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001, ****P ≤ 0.0001.

Supplementary Figure 14 | Multiomic analysis and LASSO analysis. (A) Correlation network of the expression levels and methylation levels of m6A regulators and ICPs in all GBM samples from TCGA dataset. (B, C) LASSO regression analysis of training dataset (TCGA).

Supplementary Figure 15 | Bulk RNA-seq analysis with CGGA dataset. (A), Consensus clustering matrix for k = 2, which was the optimal cluster number in the CGGA dataset. (B) CDF curves of the consensus score (k = 2-6) in the CGGA dataset. (C) Relative change in the area under the CDF curve (k = 2-6) in the CGGA dataset. (D) Heatmap of m6A regulators and immune checkpoints (ICPs) revealed the different m6A-ICP expression patterns for 2 clusters identified by consensus clustering for CGGA dataset. (E) Principal component analysis of 2 identified clusters for CGGA dataset. (F) Predicted potential therapeutic response of ICP inhibitors of 2 identified clusters for CGGA dataset. (G) ROC curve of the nomogram distinguishing 2 identified clusters for validation dataset (CGGA). (H) Calibrate plot of the nomogram distinguishing 2 identified clusters for validation dataset (CGGA).
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Despite a generally better prognosis than high-grade glioma (HGG), recurrence and malignant progression are the main causes for the poor prognosis and difficulties in the treatment of low-grade glioma (LGG). It is of great importance to learn about the risk factors and underlying mechanisms of LGG recurrence and progression. In this study, the transcriptome characteristics of four groups, namely, normal brain tissue and recurrent LGG (rLGG), normal brain tissue and secondary glioblastoma (sGBM), primary LGG (pLGG) and rLGG, and pLGG and sGBM, were compared using Chinese Glioma Genome Atlas (CGGA) and Genotype-Tissue Expression Project (GTEx) databases. In this study, 296 downregulated and 396 upregulated differentially expressed genes (DEGs) with high consensus were screened out. Univariate Cox regression analysis of data from The Cancer Genome Atlas (TCGA) yielded 86 prognostically relevant DEGs; a prognostic prediction model based on five key genes (HOXA1, KIF18A, FAM133A, HGF, and MN1) was established using the least absolute shrinkage and selection operator (LASSO) regression dimensionality reduction and multivariate Cox regression analysis. LGG was divided into high- and low-risk groups using this prediction model. Gene Set Enrichment Analysis (GSEA) revealed that signaling pathway differences in the high- and low-risk groups were mainly seen in tumor immune regulation and DNA damage-related cell cycle checkpoints. Furthermore, the infiltration of immune cells in the high- and low-risk groups was analyzed, which indicated a stronger infiltration of immune cells in the high-risk group than that in the low-risk group, suggesting that an immune microenvironment more conducive to tumor growth emerged due to the interaction between tumor and immune cells. The tumor mutational burden and tumor methylation burden in the high- and low-risk groups were also analyzed, which indicated higher gene mutation burden and lower DNA methylation level in the high-risk group, suggesting that with the accumulation of genomic mutations and epigenetic changes, tumor cells continued to evolve and led to the progression of LGG to HGG. Finally, the value of potential therapeutic targets for the five key genes was analyzed, and findings demonstrated that KIF18A was the gene most likely to be a potential therapeutic target. In conclusion, the prediction model based on these five key genes can better identify the high- and low-risk groups of LGG and lay a solid foundation for evaluating the risk of LGG recurrence and malignant progression.
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Introduction

Low-grade gliomas (LGGs) make up about 7.6% of all brain tumors and 31.8% of gliomas. Occurring at all ages, LGGs have an incidence rate of 2.31/100,000 in the 0–14 years age group, 1.43/10,000 for 15–39 years of age, and 1.57/100,000 in the age group of 40 years and older. Besides, LGG incidence is higher in men (5.51/10,000) than in women (3.65/100,000) (1). Surgical resection remains the mainstay of treatment for LGGs, and adjuvant treatment with chemoradiotherapy is administered if needed. Reportedly, LGG patients have a 5-year survival rate of 70%–97% and a 10-year survival rate of 49%–76% (2, 3). About 52%–62% of patients have a recurrence within 5 years (4–6). In these recurrent cases, some have LGGs, while 17%–32% progress to high-grade gliomas (HGGs) (7–10). Worse prognosis of recurrent LGGs is predominantly a resultant of their malignant transformation. It is currently believed that the transition of LGGs to more aggressive HGGs is induced by the intrinsic diversity and heterogeneity of tumor cells that evolve to overt malignancy and develop resistance to therapy during tumor growth, eventually leading to a worse prognosis (11).

In the studies on the recurrence and evolution of gliomas by (12, 13) exome sequencing and DNA methylation data were derived from 23 and 19 patients before and after recurrence, respectively, for comparative analysis, from which the researchers discovered intratumoral heterogeneity during initial growth and subclones sharing epigenetic [glioma CpG island methylator phenotype (G-CIMP)] alterations, TP53 and ATRX mutations, and copy number alterations (12, 13). Although LGGs may come back without malignant progression after subtotal resection, some distinct subclones may give rise to HGGs spontaneously or following the use of temozolomide (TMZ). Particularly, spontaneous evolution is associated with alterations in cell cycle genes caused by gene mutations and promoter hypomethylation. Treatment-associated progression to HGGs involves downregulation of RB gene expression, activation of AKT-Mammalian Target Of Rapamycin (AKT-mTOR) pathway, genetic defects in the DNA mismatch repair (MMR) pathway, and hypermethylation of O6-methylguanine-DNA methyltransferase (MGMT) (13, 14). By comparing the DNA and RNA sequencing data of LGG patients with those with recurrent LGGs evolving to secondary glioblastoma (sGBM), Jiang et al. discovered that sGBM was significantly enriched with TP53 mutation, somatic hypermutation, MET-exon-14 (METex14) skipping, PTPRZ1-MET (ZM) fusion, and MET amplification; from their point of view, METex14 suppresses MET degradation and activates the Signal Transducer and Activator of Transcription 3 (STAT3) signaling pathway to promote tumor growth and angiogenesis and result in a significantly worse prognosis (15). Therefore, mutations in key genes and accumulation of mutations are the driving forces for the evolution and malignant progression of LGG.

Ample evidence has demonstrated the immunosuppressive nature of gliomas in the antitumor immune response. Antigen presentation was limited by the elevated expression of immunosuppressive factors in glioma cells such as programmed cell death ligand 1 (PD-L1) and indolamine 2,3-dioxygenase (IDO) (16). Glioma-associated microglia and macrophages (GAMs) inhibit immune cell activity by producing interleukin-10 (IL-10), chemokine C-C ligand 20 (CCL20), CCL22, and prostaglandin E2.5 (17). Moreover, regulatory T cells (Tregs) mediate immunosuppressive activities through phagocytosis of cytotoxic T lymphocytes in the glioma microenvironment (18). These immunosuppressive activities may induce tumor immune escape, promote the evolution of tumor cells, and eventually lead to recurrence and malignant progression of gliomas.

As sequencing technology advances, numerous large-scale tumor sequencing databases have been established to support tumor research with a sufficiently large sample size and abundant gene data resources. Additionally, the emergence of single-cell sequencing helps form the basis for studying the genetic characteristics of tumor subclones and deepening our knowledge regarding the characteristics of immune cell infiltration and the immune microenvironment. In this study, The Cancer Genome Atlas (TCGA) and Chinese Glioma Genome Atlas (CGGA) databases were applied to establish a transcriptomics-based gene prediction model that helps assess the risk of recurrence and malignant progression of LGGs for accurate and efficient prognosis prediction. On this basis, immune cell infiltration and the immune microenvironment in LGGs at varying risks of recurrence and malignant progression were characterized to evaluate potential immunotherapies.



Materials and Methods


Data Source

A total of 530 patients’ mRNA expressions sequenced by Illumina HiSeq were downloaded from TCGA-LGG from UCSC Xena database (https://xenabrowser.net/datapages/), and corresponding clinical information was also downloaded. After filtering based on overall survival status (OS) and overall survival days (OS.time), there remained 465 samples without any Not Available (NA) values (19). The CGGA sequence datasets (CGGA.mRNAseq_325 and CGGA.mRNAseq_693) were collected from CGGA database (http://www.cgga.org.cn) (20). The mRNA expression of normal brain tissue was collected from Genotype-Tissue Expression Project (GTEx, https://www.gtexportal.org) (21). To remove batch effects between GTEx and CGGA_325 datasets, we used the ComBat function in sva package to integrate both datasets.



Differential Expression Analysis

The limma package of R was used to compare differences in gene expression in two defined groups, and the genes with significance cutoff criteria p value <0.05 (adjusted) and absolute fold change more than 2 were identified as the differentially expressed genes (DEGs).



Prognosis Analysis

Univariate Cox regression analysis was used to identify the relationship between single signature and prognosis of patients. A single signature can be the mRNA expression value of a gene or a clinical feature. Multivariate Cox regression analysis was used to identify the relationship between multiple signatures and prognosis of patients. Univariate Cox and multivariate Cox regression analyses were performed by the coxph function of survival package of R.



Dimension Reduction and Risk Score Modeling

The least absolute shrinkage and selection operator (LASSO) method was used to further reduce the less important features. The multivariate Cox regression with a stepwise procedure was used to filter the redundant variables and formed the final risk score model to predict the prognosis of the patients. The Beta values in multivariate Cox analysis were retracted as the gene coefficient. The surv_cutpoint function in the Survminer package was used to determine the optimal cutting point of the risk score, so that the samples in the dataset could be divided into high- and low-risk groups. The calculation of risk score is show:

Risk score = ∑ coef (i)*log 2 (counts (i)+1), where i represents the corresponding gene.



Bio Function Analysis

The Gene Ontology (GO) enrichment analysis was performed based on DEGs by clusterprofile package of R (22). Based on Gene Set Enrichment Analysis (GSEA) and Gene Set Variation Analysis (GSVA) methods, we collected three gene sets (1,615 REACTOME gene sets, 186 Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets, 50 hallmark gene sets) from the Molecular Signatures Database (MSigDB v7.5.1) to explore enrichment signaling pathways between clusters or groups (23).



Immune-Related Analysis

The abundance of six immune cell types, B cell, CD4 T cell, CD8 T cell, neutrophil, macrophage, and dendritic cell, in the tumor microenvironment is estimated using TIMER based on mRNA expression (24). The two other tools, CIBERSORT and xCell, were also used to estimate the abundance of member cell types in a mixed-cell population (25, 26). Several immune infiltration-related signatures from the study by Mariathasan et al. (27) were used to analyze their association with risk score.



Correlation Analysis of Risk Score With Tumor Mutational Burden and Tumor Methylation Burden

Tumor mutational burden (TMB) is broadly defined as the number of somatic mutations per megabase of interrogated genomic sequence. The somatic mutation file *.maf of TCGA-LGG was downloaded from the GDC Data Portal (https://portal.gdc.cancer.gov) to calculate the TMB values. TCGA-LGG DNA methylation (HumanMethylation450) profile was downloaded from the UCSC Xena database (https://xenabrowser.net/datapages). Probes with a beta value greater than 0.8 were identified as sites of complete methylation, and the number of complete methylated probes was used to evaluate the tumor methylation burden. We used the abbreviations TMB.mut and TMB.met for tumor mutational burden and tumor methylation burden, respectively. The Pearson correlation was calculated by cor.test package of R.



Nomogram Analysis of Risk Score With Clinicopathological and Molecular Characteristics

Univariate and multivariate Cox analyses were used to assess the independent prognostic factors of risk score compared with clinical features. Then, we used a nomogram to integrate risk score and clinical features to improve prognosis prediction accuracy. The performance of the nomogram model was tested using receiver operating characteristic (ROC) and decision curve analysis (DCA) curves of 1, 3, and 5 years.



Cancer Cell Line Encyclopedia

Chronos, an algorithm for inferring gene knockout fitness effects based on an explicit model of cell proliferation dynamics after CRISPR gene knockout, was used to evaluate the effect of genes (28).



Cell Culturing and Processing

The two glioma cell lines used in this study were U87 and U251, both from Xiangya Hospital. The cells were cultured in Dulbecco's Modified Eagle Medium (DMEM) containing 10% bovine serum in a 37°C, 5% CO2 incubator. Cells were inoculated on a six-well plate, and the experimental group was treated with BTB-1, a specific and reversible inhibitor of KIF18A. BTB-1 was dissolved with dimethylsulfoxide (DMSO) and diluted to a working concentration of 30 μM/L. Cells were treated for 24 h, and the control group was added with the same amount of DMSO (29). Finally, the two glioma cell lines were divided into four groups (U87 with DMSO, U87 with BTB-1, U251 with DMSO, and U251 with BTB-1).



Evaluation of the Effect of BTB-1 on the Transcription Level of KIF18A in Glioma Cells

We used QRT-PCR to detect KIF18A mRNA levels in the four glioma cell lines, adding RNeasy Mini Kit (Qiagen, Hilden, NRW, Germany) to each group to extract total RNA. RNA was reversely transcribed into cDNA using Uni RT&qPCR Kit (TransGen Biotech, Beijing, China). Quantitative polymerase chain reaction was performed on Applied Biosystems QuantStudio 1 real-time fluorescent quantitative PCR system (Thermo Fisher Scientific, Waltham, MA, USA). Cycle conditions for qPCR were as follows: an initial denaturation step at 95°C for 15 min, followed by 40 cycles of amplification at 95°C, and annealing/extension at 56°C for 32 s. glyceraldehyde-phosphate dehydrogenase (GAPDH) was used as the internal control. Each experiment was carried out in triplicate. The primers were synthesized by Sangon Biotech, Shanghai, China. Their sequences are as follows: KIF18A, forward 5′-AAAAAGTGGTAGTTTGGGCTGA-3′ and reverse 5′-CTTTCAAGGGAGATGGCATTAG-3′; GAPDH, forward 5′-CATGAGAAGTATGACAACAGCCT-3′ and reverse 5′-AGTCCTTCCACGATACCAAAG-3′.



Evaluation of the Effect of BTB-1 on Glioma Cell Proliferation

Cell Counting Kit-8 (CCK-8) was used to detect cell proliferation ability. Four groups of glioma cells were inoculated into 96-well plates with 5 wells in each group, and about 3,000 cells in each well were cultured in 100-μl medium for 0, 12, 24, and 36 h, respectively. Here, 10 μl CCK-8 solution was added to each well and incubated for 1.5 h. Absorbance was detected at 450-nm wavelength using absorbance Microplate reader (Spectra Max, ABS Plus), and Optical Density (OD) value was measured. The average OD values of each group were taken.



Evaluation of the Effect of BTB-1 on Glioma Cell Cycle

Flow cytometry was used to detect cell cycle distribution to evaluate the effect of BTB-1 on glioma cell cycle. U87 and U251 cells with different processes were collected and washed twice with Phosphate Buffer Saline (PBS), then fixed with 70% ethanol at 4°C for 12 h, and then incubated with Prodium Iodide (PI)/RNase buffer. Flow cytometry (CYTEK Athena, USA) used red fluorescence and scattered light at 488 nm. The percentages of each cell cycle were analyzed.



Gene Expression Data With Immunotherapy

For further immunotherapy research, the IMvigor210 dataset was downloaded to evaluate the predictive power of the risk score for immunotherapy [programmed cell death protein-1 (PD-1)] response, and it was available from http://research-pub.gene.com/IMvigor210CoreBiologies with completed information about the response to PD-L1 blockade (30).



Statistical Analysis

The difference between two groups was compared by Wilcoxon test. Kaplan–Meier analysis with log-rank tests was used to perform survival curves. The ROC curve and corresponding Area Under the Curve (AUC) were generated by using the R package “timeROC.” * p-value <0.05, ** p-value <0.01, *** p-value <0.001, and p-value <0.05 are statistically significant. All analyses were performed using R 4.1.0 (https://cran.r-project.org).




Results


Identification of Recurrence Factors in Low-Grade Glioma

Based on data acquired from CGGA and GTEx databases, a comprehensive analysis was carried out on the DEGs between normal brain tissue and recurrent LGG (rLGG), normal brain tissue and secondary GBM (sGBM), primary LGG (pLGG) and rLGG, as well as pLGG and sGBM (Figure 1A). A total of 4 DEG datasets were obtained, and DEGs with high consensus were defined as those with consistent differential expression trends in at least three datasets (Supplementary Table S1), and a Venn diagram was established to present the DEG datasets with upregulated and downregulated expressions (Figures 1B, C). Eventually, 296 downregulated and 396 upregulated DEGs were screened through the above processes. Gene Ontology (GO) analysis was then used to annotate the functions of downregulated and upregulated DEGs. The biological process (BP) category of downregulated DEGs was mainly enriched in the regulation of membrane potential, modulation of chemical synaptic transmission, regulation of trans-synaptic signaling, etc. While for the cellular component (CC) category, the downregulated DEGs were associated with presynapse, transporter complex, transmembrane transporter complex, etc. In the molecular function (MF) category, the downregulated DEGs primarily participated in channel activity, passive transmembrane transporter activity, ion channel activity, etc. (Figure 1D). While the BP category of the upregulated DEGs was enriched mostly in the nuclear division, organelle fission, chromosome segregation, etc. In the CC category, the upregulated DEGs mainly showed associations with the chromosomal region, spindle, collagen-containing, etc. As for the MF category, the upregulated DEGs were involved primarily in antigen binding, microtubule binding, tubulin binding, etc. (Figure 1E).




Figure 1 | Identification of recurrence factors in low-grade gliomas. (A) Analysis design diagram of differentially expressed genes (DEGs). (B, C) Venn diagram was used to display the upregulated (B) and downregulated (C) genes in the four sets of DEGs. (D, E) Gene Ontology (GO) analysis of the consistent upregulated (D) and downregulated (E) genes in the four sets of DEGs.





Identification of Main Contributors of Recurrence and Malignant Progression Factors and Construction of a Gene Signature Model

Recurrence and malignant progression of LGG constitute the primary factors affecting its prognosis. Therefore, in order to determine the main contribution factors, the data of LGG patients were extracted from TCGA database for univariate Cox regression analysis on the identified highly consistent DEGs. The False Discovery Rate (FDR) values of the training set and test set are used for filtering. It was found that 24 downregulated and 62 upregulated DEGs were associated with the prognosis of LGG (p < 0.05) (Supplementary Table S2). The top 39 DEGs with statistically significant differences are shown in Figure 2A. Subsequently, LASSO regression, one of the techniques in machine learning, was adopted to dispose of dimension reduction of the 86 DEGs with prognostic significance (Figures 2B, C). Multivariate Cox regression was then used to establish the prognosis prediction model to identify the main contributors. Corresponding results revealed that HOXA1, KIF18A, FAM133A, hepatocyte growth factor (HGF), and MN1 were the primary contributors (p < 0.05) (Figure 2D). Finally, the patients in the training dataset were stratified according to the risk scores obtained in the 5-gene signature model (Figure 2E). It was found that the established model could well predict the prognosis of TCGA-LGG patients, showing good stability at the same time (Area Under the Curve (AUC) of 1-, 3-, and 5-year ROC: 0.8776, 0.8749, and 0.7682, respectively) (Figures 2F, G).




Figure 2 | Identification of main contributors of recurrence and malignant progression factors and construction of risk signature in TCGA-LGG cohort. (A) Univariate Cox analysis of all recurrence factors. (B) Cross-validation for tuning the coefficient selection in the least absolute shrinkage and selection operator (LASSO) regression. (C) LASSO regression of the 86 OS-associated genes. (D) Multivariate Cox regression analysis for the 5 genes. (E) Allocation of patients in the training set on the basis of the risk score. (F) Kaplan–Meier curves display the diversity in OS between the high-risk and low-risk groups in the training set. (G) Area Under the Curve (AUC) of time-dependent receiver operating characteristic (ROC) curves examined the prognostic performance of the risk score in the training set. "*" means 0.01<p<0.05,  "***"means p<0.001.





Validation of Risk Signature in the Test Dataset and Validation Dataset

Two sub-datasets of CGGA (CGGA325 and CGGA693) were collected to verify the effectiveness and stability of the 5-gene signature prediction model. In the CGGA325 dataset, the model could well stratify the high-risk and low-risk LGG groups. Survival analysis showed that the prognosis of the high-risk group was significantly worse than that of the low-risk group (p < 0.05) (Figures 3A–D). Furthermore, in the CGGA693 dataset, the model could still better stratify the risk of LGG patients, and the prognosis of the high-risk group was also obviously worse than that of the low-risk group, as indicated by survival analysis (p < 0.05) (Figures 3E–H).




Figure 3 | Validation of risk signature in the test dataset (CGGA_325 cohort) and validation dataset (CGGA_693). (A, E) Allocation of patients in the training set on the basis of the risk score in the test and validation dataset. (B, F) Area Under the Curve (AUC) of 1-, 3-, and 5-year receiver operating characteristic (ROC) curves examined the prognostic performance of the risk score in the test and validation dataset. (C, G) Determine the optimal cut point for risk score in the test and validation dataset. (D, H) Kaplan–Meier curves display the diversity in OS between the low- and high-risk score groups in the test and validation dataset.





The Gene Set Enrichment Analysis of the High- and Low-Risk Groups

In order to clarify the mechanism of LGG recurrence or malignant progression, the differences in signaling pathways between high-risk and low-risk groups were analyzed based on TCGA-LGG dataset. Meanwhile, GSVA and GSEA were performed to analyze the signaling pathway differences between high-risk and low-risk groups based on REACTOME gene set, KEGG gene set, and hallmark gene set. In the REACTOME gene set, several signaling pathways were significantly activated in the high-risk group compared with the low-risk group, including cell cycle G2/M checkpoint, RB tumor suppressor/checkpoint signaling in response to DNA damage, Gap-filling DNA repair synthesis and ligation in TC-NER, Toll-like receptor 3 (TLR3) cascade (Figure 4A). KEGG gene set-based analysis revealed that signaling pathways such as cell cycle, extracellular matrix (ECM)–receptor interaction, Janus kinase/signal transducers and activators of transcription (JAK-STAT) signaling pathway, complement and coagulation cascades, and cytokine receptor interaction were obviously activated in the high-risk group, while calcium signaling pathway, long-term potentiation, neuroactive ligand–receptor interaction, etc., were inactivated in the high-risk group (Figures 4B, C). At the same time, similar results can be obtained by the CGGA database based on KEGG GSEA (Figures 4E, F). In the tumor-specific gene set of hallmark, there existed activation in cell cycle G2/M checkpoint and tumor immune-related signaling pathways (Figure 4D). Collectively, these signals are mainly related to tumor immune regulation and DNA damage-related cell cycle checkpoints, indicating that these mechanisms may be significantly involved in LGG recurrence and malignant progression.




Figure 4 | The biology function enrichment analysis between the low- and high-risk score groups. (A) Gene Set Variation Analysis (GSVA) results based on the REACTOME gene sets. (B, C) Gene Set Enrichment Analysis (GSEA) results based on the Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets. (D) GSVA results based on the hallmark gene sets. (E, F) GSEA results based on the KEGG gene sets in the validation cohort (CGGA-LGG).





Infiltrated Immune Cells in High- and Low-Risk Score Groups From the Training and Validation Cohorts

Based on the above exploration, multiple tumor immune-related pathways were discovered to be activated in the high-risk group of TCGA-LGG, suggesting an intimate association of the tumor immune microenvironment with LGG recurrence and malignant progression. Accordingly, the infiltration of immune cells was further evaluated in the high- and low-risk score groups of TCGA-LGG. The abundance of immune cells in the tumor microenvironment was evaluated by the TIMER algorithm according to mRNA expressions. The results showed that the infiltration of B cells, CD4 T cells, CD8 T cells, neutrophils, macrophages, and dendritic cells in the high-risk score group was stronger than that in the low-risk score group of LGG (Figure 5A). Further analyses were continued by using CIBERSORT and the xCell algorithm. Analysis based on CIBERSORT revealed that the infiltration of anti-inflammatory immune cells such as CD8 T cells, CD4 memory resting T cells, and M2 macrophages was stronger in the high-risk score group than that in the low-risk score group (Figure 5B). xCell-based analysis also indicated that the infiltration of most immune cells increased in the high-risk score group (Figure 5C). Collectively, these data suggest that the high-risk score group of LGG has stronger immune cell infiltration than that of the low-risk score group. In addition, using CGGA database (CGGA325 and CGGA693) as validation sets, we also found that immune cell infiltration in the LGG high-risk group was stronger than that in the low-risk group by ssGSEA algorithm (Figures 5D, E).




Figure 5 | Infiltrated immune cells in the high- and low-risk score group from the training and validation cohorts. (A) Immune infiltrates in the two groups based on the TIMER algorithm from TCGA-LGG cohort. (B) Immune infiltrates in the two groups based on the CIBERSORT algorithm from TCGA-LGG cohort. (C) Immune infiltrates in the two groups based on the xCell algorithm from TCGA-LGG cohort. (D) Immune infiltrates in the two groups based on the ssGSEA algorithm from the validation cohort (CGGA 325). (E) Immune infiltrates in the two groups based on the ssGSEA algorithm from the validation cohort (CGGA 693). "*" means 0.01<p<0.05, "**"means 0.001<p<0.01, "***"means p<0.001, "ns"means no significance.





Genomic and Methylation Characteristics in the High- and Low-Risk Score Groups From TCGA-LGG Cohort

As mentioned above, DNA damage-related cell cycle checkpoint pathways were activated in the high-risk score group of LGG, suggesting that there may be more frequent gene mutations in this group. For an in-depth understanding of gene mutations in the high- and low-risk score groups of LGG, further grouping was performed based on TMB (TMB.mut), including high and low TMB.mut groups of LGG (Figure 6A). Survival analysis between high and low TMB.mut groups showed that the prognosis of high TMB.mut was significantly poorer than that in the low TMB.mut group (p < 0.001) (Figure 6B). Correlation analysis revealed a good positive correlation between risk factor stratification and TMB.mut stratification (R = 0.34, p < 0.05), that was, the mutation burden of the high-risk score group was significantly higher than that of the low-risk score group of LGG (Figures 6C-E). Simultaneous exploration was performed on the level of methylation in the high- and low-risk score groups of LGG. Similarly, two groups of high and low TMB.met were divided based on tumor methylation burden (TMB.met) (Figure 6F). Survival analysis indicated a significantly poorer prognosis in the low TMB.met group than that in the high TMB.met group (p < 0.001) (Figure 6G); moreover, the correlation analysis presented a negative correlation between risk factor stratification and TMB.met stratification (R = -0.39, p < 0.05), suggesting that the DNA methylation level of the LGG high-risk score group was remarkably lower than that of the low-risk score group (Figures 6H–J). We further analyzed the mutation of major driver genes in the high- and low-risk groups, and the driver genes with a high mutation frequency in the high-risk group were TP53, EGFR, IDH1, etc. (Figure 6K). The driver genes with a high mutation frequency in the low-risk group were IDH1, TP53, ATRX, etc. (Figure 6L). TP53 mutation had a strong coexisting relationship with the high-risk group, and IDH1 mutation had a strong coexisting relationship with the low-risk group (Figure 6L).




Figure 6 | Genomic and methylation characteristics in the high- and low-risk score group from TCGA-LGG cohort. (A, F) Determine the optimal cut point for TMB.mut and TMB.met. (B, G) Comparison of overall survival between the low and high group of TMB.mut and TMB.met. (C, H) Scatter distribution of the risk score with TMB.mut and TMB.met. (D, I) Comparison of the risk score between the low and high group of TMB.mut and TMB.met. (E, J) Comparison of the proportion of risk score type between the low and high group of TMB.mut and TMB.met. (K, L) Oncoplot of the high and low group of risk score.





Independent Prognostic Value of the Tumor Recurrence Factor (TRF) Risk Score

Subsequent analyses were conducted to integrate the 5-gene signature prediction model established based on its expression characteristics with other clinical features and promote its application in prognosis judgment. Firstly, multivariate Cox regression analysis was performed for determining the independent prognostic factors of Histology, Grade, IDH.status, X1p.19q.codel, Age, and Tumor Recurrence Factor (TRF) risk score (Figure 7A). The Tumor Recurrence Factor risk score and Age were found to be relatively significant independent prognostic factors (p < 0.001), followed by IDH.status (p = 0.055) (Figure 7D). After that, a nomogram was constructed based on IDH.status, Age, and Tumor Recurrence Factor risk score to predict the prognosis of TCGA-LGG patients. Using the Calibration diagram to verify the prediction efficacy of the constructed nomogram, it could be found that its 1-, 3-, and 5-year prognostic prediction efficacy had high accuracy and stability (Figure 7C). Furthermore, the ROC curve was then drawn to compare the prediction efficacy of IDH.status, Age, Tumor Recurrence Factor risk score, and nomogram model. It could be noticed that the 1-, 3-, and 5-year prognostic prediction efficacy of the nomogram was higher than that of other features in 1, 3, and 5 years. Among them, the Area Under the Curve (AUC) of 1-year ROC was 0.8591 (IDH.status), 0.8176 (Age), 0.8777 (Tumor Recurrence Factor risk score), and 0.9396 (nomogram) (Figure 7E); that of 3-year ROC was 0.8172 (IDH.status), 0.7594 (Age), 0.0.8674 (Tumor Recurrence Factor risk score), and 0.9433 (nomogram) (Figure 7F); and that of 5-year ROC was 0.6918 (IDH.status), 0.6976 (Age), 0.7501 (Tumor Recurrence Factor risk score), and 0.8595 (nomogram) (Figure 7G). Furthermore, the DCA curve was generated to examine the prediction efficacy of IDH.status, Age, Tumor Recurrence Factor risk score, and nomogram model. Similar results were observed as described above, which support the strong stability of the prediction efficacy of the constructed nomogram (Figures 7H–J). Moreover, we selected some relevant literature to compare the predictive power of the prognostic models. Compared with other models, our prediction model has better predictive power (Figure 7B) (31–35).




Figure 7 | Independent prognostic value of the Tumor Recurrence Factor risk score. (A) Forest plot of multivariate Cox analysis between the Tumor Recurrence Factor risk score and clinical traits. (B) Comparison of the prediction power between this study and other studies. (C) Calibration plot was used to predict the 1-, 3-, and 5-year survival in TCGA-LGG cohorts. (D) Nomogram of TCGA-LGG cohorts was used to predict overall survival. (E–G) Receiver operating characteristic (ROC) curves showed the 1-, 3-, and 5-year predictive efficiency of risk score, age, IDH mutation status, and nomogram model. (H–J) Decision curve analysis (DCA) curves showed the 1-, 3-, and 5-year predictive efficiency of risk score, age, IDH mutation status, and nomogram model. "*" means 0.01<p<0.05,  "***"means p<0.001.





Evaluation of Potential Therapeutic Targets of Risk Signature Genes Based on the CCLE Database

In order to further explore whether the genes of the main contributors were potential therapeutic targets, the responses of the five genes to different tumor cell lines after inhibition were evaluated based on the CCLE database. KIF18A and MN1 were discovered to be potential therapeutic targets. Specifically, KIF18A, as a risk factor, could significantly reduce the proliferation of most tumor cell lines (including brain tumor cell lines) (Figures 8B, G), while MN1, as a protective factor, could enhance the proliferation of most tumor cell lines (including brain tumor cell lines) (Figures 8E, J). However, the other 3 genes could not induce corresponding changes in tumor cell lines after being inhibited (Figures 8A, C, D, F, H, I), suggesting no potential therapeutic target value.




Figure 8 | Evaluation of the potential therapeutic targets of risk signature genes based on the CCLE database. (A–E) Scatter distribution of gene expression and gene effect of the 5 genes, including HOXA1, KIF18A, FAM133A, HGF, and MN1, in brain cancer cell lines. (F–J) Distribution of gene effects of the 5 genes, including HOXA1, KIF18A, FAM133A, HGF, and MN1, in various cancer cell lines.





Evaluation of the Effect of KIF18A Inhibitor BTB-1 on the Function of Glioma Cell Lines

As mentioned above, KIF18A was found to be a potential therapeutic target. Therefore, to evaluate its potential therapeutic value, we treated glioma cells with BTB-1, a specific small-molecule inhibitor of KIF18A, to evaluate its effect on glioma cell function. KIF18A mRNA expression in U87 and U251 cells decreased (p < 0.05) (Figure 9A). It suggested that BTB-1 could inhibit the expression of KIF18A. As a further study on the effect of BTB-1 on cell proliferation, CCK-8 test showed that in U87 and U251 cell lines, the cell proliferation rate of the BTB-1 treatment group was lower than that of the control group. It was suggested that BTB-1 could inhibit cell proliferation (Figure 9B). The results of flow cytometry were shown in Figure 9C. The G2/M phase ratios of U87 and U251 cells treated with BTB-1 were 31.4% and 31.1%, and those of the control group were 22.6% and 22.2%, respectively, with statistically significant differences (p < 0.05). In conclusion, the cell cycle of BTB-1-treated glioma cells stagnated in G2/M phase, and the proportion of cells in the G2/M phase increased. These results suggest that BTB-1 inhibits the proliferation of tumor cells mainly by inhibiting KIF18A and arresting glioma cells in the G2/M phase.




Figure 9 | Evaluation of the effect of KIF18A inhibitor BTB-1 on the function of glioma cell lines. (A) Evaluation of the effect of BTB-1 on the transcription level of KIF18A in glioma cells. (B) Evaluation of the effect of BTB-1 on glioma cell proliferation. (C) Evaluation of the effect of BTB-1 on glioma cell cycle. "*" means 0.01<p<0.05,  "***"means p<0.001.





Evaluation of Response to Immunotherapy Based on the Tumor Recurrence Factor Risk Score

To test whether this predictive model can predict the immunotherapy response of LGG, we first assessed the differences in key factors in the immune response process between the high- and low-risk groups and found that the expression of these factors was higher in the high-risk group than that in the low-risk group (Figure 10A). Further analysis of the association between the Tumor Recurrence Factor risk score and common immune checkpoints of tumors showed that the Tumor Recurrence Factor risk score was correlated with CD47, CTLA7, HAVCR2, LAG3, PDCD1, and other immune checkpoints (Figure 10B). Independent analysis of the association between the 5 genes and immune checkpoints showed that all of the 5 genes were closely related to immune checkpoints (Figure 10C). Finally, the IMvigor210 dataset model (a database of bladder cancer) was selected and patients with bladder cancer in the database were divided into the high- and low-risk score groups (Figure 10D). Meanwhile, survival analysis showed that the model had a significant difference in prognosis between the high- and low-risk score groups of bladder cancer (Figure 10E), with relatively good stability in predicting the prognosis (Figure 10F). Analysis of the data of immunotherapy effect in the database revealed that the low-risk score group had a better response to immunotherapy than that in the high-risk score group (Figure 10G). With respect to the above, the constructed gene signature model not only has good universality and stability in predicting tumor prognosis but also provides a potential reference for predicting tumor response to immunotherapy.




Figure 10 | Evaluation of the response to immunotherapy. (A) Comparation of the immune response signature between the high- and low-risk groups. (B) Corelationships between the Tumor Recurrence Factor risk score and common immune checkpoints. (C) Corelationships between the 5 key genes and common immune checkpoints. (D) Determine the optimal cut point for the Tumor Recurrence Factor risk score. (E) Comparison of the overall survival between the low and high Tumor Recurrence Factor risk score. (F) Receiver operating characteristic (ROC) curves showed the 1-, 3-, and 5-year predictive efficiency of the Tumor Recurrence Factor risk score. (G) Comparison of the proportion of response to treatment between the low and high Tumor Recurrence Factor risk score. "*" means 0.01<p<0.05, "**"means 0.001<p<0.01, "***"means p<0.001,"ns"means no significance.






Discussion

LGG has a better prognosis than that of HGG, which, however, shows a deterioration in its prognosis primarily owing to the risk of recurrence and malignant progression, becoming a critical concern in the treatment of LGG. Based on transcriptome analysis, a new prediction model was established in our study, which can effectively evaluate the risk of LGG and predict the risk of recurrence and malignant progression. Finally, a total of 5 genes related to the recurrence and malignant progression of LGG were screened in our study, including three risk factors (HOXA1, HGF, and KIF18A) and two protective factors (FAM133A and MN1).

HOXA1 is highly expressed in breast cancer, ovarian cancer, gastric cancer, and various other cancers, which has regulatory roles on cell differentiation, apoptosis, and migration (36–38). For instance, in glioblastoma, long non-coding RNA (lncRNA) HOTAIRM1 has been documented to upregulate the expression of HOXA1 by blocking the binding of G9a and EZH2 to histones H3K9 and H3K27, resulting in the inability of methyltransferase to methylate the promoter of HOXA1 (39). At present, there is no relevant research on its downstream pathway in glioma. HOXA1 was found to upregulate the expression of BCL2 in breast cancer, which could also enhance cell proliferation and promote malignant transformation of cancer cells by activating STAT5a/b and MAPK signaling pathways (40). Furthermore, HGF is mainly produced by stromal cells, and its receptor is the mesenchymal–epithelial transition (MET) factor (41). HGF can bind to MET to activate various pathways such as Ras/MAPK, PI3K/Akt, and STAT, thereby regulating cell growth, movement, and morphogenesis (42–45). It has been reported that HGF and MET were highly expressed in glioma to promote tumor growth and angiogenesis, which could also boost tumor evolution and malignant progression to HGG by activating AKT and MAPK pathways (46, 47). Meanwhile, KIF18A belongs to the kinesin 9 family. It has a significantly upregulated expression in G2/M phase, which can contribute to the arrangement of chromosomes on the equatorial plate by adjusting the length of microtubules (Mts), ensuring the normal separation of sister chromosomes and normal progression of mitosis (48–51). High expression of KIF18A has been confirmed in multiple cancers such as breast cancer, lung cancer, and colorectal cancer (52–54). Prior cell function experiments showed that overexpression of KIF18A in the HeLa cell line could significantly increase the number of cells with multipolar mitotic spindles (50). At the same time, KIF18A can combine with microtubules (Mts), move along Mts, and has microtubule depolymerizing activity, both of which require the participation of ATP as a major substrate to supply energy (55, 56). Accordingly, considering the ATPase activity of KIF18A, Catarinella et al. (29) developed a small-molecule drug BTB-1, which can inhibit KIF18A in an ATP-competitive and Mt-uncompetitive manner; and tumor cells after BTB-1 treatment showed abnormal spindle formation and chromosome division, resulting in tumor cell apoptosis. In our study, analysis of data acquired from the CCLE database revealed the potential therapeutic target significance of KIF18A, that was, inhibiting its expression or function could inhibit tumor growth. Further in vitro experiments on glioma cell lines (U87 and U251) confirmed that KIF18A’s specific inhibitor BTB-1 inhibited the proliferation of glioma cells significantly, and the cell cycle stagnated in G2/M phase. Therefore, the mechanism of treating glioma with KIF18A as a target is worthy of further study.

FAM133A is a type of Cancer-Testis Antigen (CTA), a class of proteins that is highly expressed in immune privilege sites such as the brain and testis (57). High expression of FAM133A in cervical cancer and pancreatic cancer has been reported to be associated with the malignant degree of tumors (58, 59). While in glioma, FAM133A is the downstream target of miR-155. The low expression of miR-155 in IDH1-mutant glioma can upregulate the expression of FAM133A, which may further reduce the invasiveness and proliferation of IDH1-mutant glioma by targeting Matrix metalloproteinase-14 (MMP14) (60). Therefore, consistent with previous reports, this study indicated that LGG patients with a high expression of FAM133A had a better prognosis. Furthermore, MN1 was initially found to cause gene rearrangement by chromosomal balanced translocation, which plays an important role in the pathogenesis of meningioma and myeloproliferative diseases (61, 62). The loss-of-function mutation of MN1 may induce CEBALID syndrome, which is manifested as neurodevelopmental impairments and facial deformities (63). According to current research, the genomic changes of MN1 are predominated by rearrangement (64–67), with the report of the deletion and increase of adjacent loci as well (67). Moreover, in astroblastoma or neuroepithelial tumors, patients with MN1 rearrangement were reported to have longer survival and better prognosis (65, 68). However, some researchers considered no significant superiority in the clinical progression and prognosis of these patients (69). So far, it is unknown with respect to the relationship between the expression of MN1 at the transcriptome level and the prognosis of glioma. In the present study, the prognosis of LGG patients was poorer in the case of low expression of MN1, accompanied by a higher risk of progression to HGG. Further analysis of data acquired from the CCLE database revealed stronger cell proliferation and invasion abilities in cell lines of brain tumors with the silencing of MN1 expression. Consequently, it is believed that MN1 may be related to the normal development and differentiation of the nervous system. Its low expression may increase the stemness of glioma cells to boost the malignant progression of glioma. Its role and mechanism in the malignant progression of glioma need to be further studied.

Furthermore, in our study, the abnormality of DNA damage-related cell cycle checkpoints showed an intimate association with the recurrence and malignant progression of LGG. The cell cycle consists of four phases: G1, S, G2 and M. Cells have a strict cell cycle checkpoint mechanism to ensure the correct transmission of genetic materials to the next generation of cells. Dysfunction in checkpoints can lead to abnormal proliferation of cells and tumorigenesis (70). Under normal circumstances, in the case of DNA damage, the ATR-CHK1-CDC25 pathway may be activated to inhibit cyclinA/B-CDK1 complex and hence block the cell replication arresting at G2 phase (71). While the CDK1 gene is overexpressed in glioma, which may promote the G2 phase transition of cells with DNA damage. It has been documented that the expression of CDK1 is positively correlated with the grade of glioma, which may also increase with malignant progression after recurrence (72–74). In addition, Rb is a tumor suppressor, and its inactivation by mutation can activate E2F protein to overexpress cyclinE/A. The cyclinE/A-CDK2 is an important complex of cell cycle checkpoints. The overexpressed cyclinE/A plays a critical promoting role in G1/S cell transition of cells with DNA damage (75). Deletion or downregulation of Rb gene is common in gliomas (76), and its downregulation is more common in HGG (77, 78). Moreover, van Thuijl et al. (14) believed that patients with LGG treated with TMZ can induce Rb gene mutation, resulting in tumor recurrence and progression to HGG. Collectively, in our opinion, there may be a regulation disorder in the cell cycle checkpoints related to DNA damage through various mechanisms during the progression of LGG to induce continuous accumulation of genomic mutations, leading to tumor evolution and further progression to HGG.

Immune cell infiltration in the tumor, as an indicator of the tumor microenvironment, plays a critical role in the recurrence and progression of glioma. The proposed impact is double-edged generally. To be specific, while immune cells play a role in discouraging tumor progression, due to the “immune escape” mechanism, besides avoiding attack by the immune system, tumor cells can even “tame” immune cells by regulating the phenotype and function of immune cells (e.g., secreting cytokines, chemokines, etc.) and hence contribute to a microenvironment conducive to tumor progression (79–81). On the other hand, the “tamed” immune cells can also secrete cytokines to regulate the DNA methylation of tumor cells, thereby promoting the evolution of tumors (17). In this study, the degree of immune cell infiltration was significantly higher in the LGG high-risk group than that in the low-risk group. GSEA and GSVA also found that immunosuppressive and anti-inflammatory pathways were significantly activated in the high-risk group. It is suggested that LGG in the high-risk group can create an immunosuppressive microenvironment more conducive to tumor growth and evolution through tumor–immune cell interaction under stronger immune cell infiltration. Moreover, an immune barrier is developed in the tumor marginal microenvironment by immune cells at the periphery of tumors, which may facilitate the development of LGG chemoradiotherapy resistance and boost the recurrence and malignant progression of LGG (82).



Conclusions

We obtained 5 genes (HOXA1, HGF, KIF18A, FAM133A, MN1) associated with LGG recurrence and malignant progression through differential expression gene analysis and established a stable and efficient prognostic model based on these. Among the five genes, KIF18A is considered to be the most significant potential therapeutic target. Its specific inhibitor BTB-1 can block the cell cycle of glioma cells in G2/M phase to inhibit the proliferation of glioma cells. We also found that abnormal DNA damage-related cell cycle checkpoints and changes in the tumor immune microenvironment may be important mechanisms leading to tumor cell evolution and LGG progression to HGG.
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Necroptosis is a recently discovered form of cell death that plays a vital role in the progression of cancer, the spread of metastases, and the immunologic response to tumors. Due to the dual role of necrotic apoptotic processes in tumor pathogenesis and the heterogeneity of gliomas, the function of necroptosis in the glioma microenvironment is still poorly understood. We characterized the expression of necroptosis-related genes (NRGs) within glioma samples at both the genetic and transcriptional levels, identifying three distinct subtypes. Additionally, we constructed a risk score, which is capable of accurately predicting patient prognosis, correlates with tumor mutation burden (TMB), tumor stem cell index (CSC), immune checkpoints, and predicts tumor drug sensitivity. To facilitate its application in the clinic, we developed a nomogram and demonstrated that it predicts the prognosis of glioma patients with good accuracy and reliability using multiple datasets. We examined the function of necroptosis in the tumor microenvironment (TME) and the prognosis of gliomas, which may be useful for guiding individualized treatment plans for gliomas targeting necroptosis.




Keywords: necroptosis, glioma, nomogram, tumor microenvironment, TMB



Introduction

Among the many malignant tumors in the central nervous system, glioma is the most common, characterized by ease of recurrence and a high mortality rate (1). Diffuse gliomas are classified into 3 grades (WHO II, WHO III, WHO IV), and the higher the grade, the worse the prognosis (2).

Although the survival time of glioma patients has improved by using various treatments including surgery, radiotherapy, and chemotherapy, it is still far from expected (3, 4). With the development of molecular pathology, several molecular markers have been found to be relevant to the occurrence, progression, and prognosis of gliomas. These markers include methylation of the MGMT promoter, IDH mutations, and co-deletion of chromosome 1p/19q (5, 6). However, due to the high heterogeneity of gliomas, these markers are currently not fully adequate for predicting prognosis and guiding individualized therapy. Thus, it is imperative to construct reliable new prognostic models to predict the microenvironment of the tumor and to guide individualized therapies.

Necroptosis, a cystathionine-independent programmed death, is regulated mainly by receptor-interacting protein [RIP] kinase 3 (RIPK3), RIPK1, and mixed-lineage kinase structural domain-like pseudokinase (MLKL) (7, 8). As a new form of necrotic cell death, necrotrophic apoptosis is indispensable for the biological processes of cancer development, progression, metastasis and prognosis, and immune surveillance (9–14). In tumors, it has dual functions; its key mediators promote tumorigenesis and progression (15, 16); and it also prevents tumor development when apoptosis is compromised (17, 18). Targeting necrotic apoptosis is a promising immunotherapeutic approach for eliminating tumor cells when tumors become apoptosis-resistant. A variety of drugs and chemotherapeutic agents that have been approved for clinical trials are selective necroptosis inducers for specific tumors (11). Due to the high heterogeneity of gliomas, the impact of necroptosis on their prognosis and immunotherapy is not well elucidated. Because of technical limitations, most research has focused on individual drug or mediator targets, whereas immunotherapy and prognosis are the results of all relevant genes working in concert. Therefore, there is an urgent need to comprehensively understand the impact of necroptosis markers on the TME, immunotherapy response, and prognosis of glioma. However, the role played by necroptosis-related genes in the development and prognosis of glioma has not been effectively elucidated by current studies.

In this research, we comprehensively assessed the immune landscape of necroptosis-related genes (NRGs) in glioma patients. We explored the effect of NRGs on the TME and immunotherapy of gliomas. We then constructed a risk score capable of accurately predicting tumor immune status, prognosis, and sensitivity to chemotherapy. The final risk score was combined with clinical data to construct a nomogram that provides guidance for the clinical application.



Materials and Methods


Datasets

In Figure 1, we present an overview of the analysis of this research. The Cancer Genome Atlas (TCGA) database was searched on January 1, 2022, to obtain the RNA transcriptomic datasets (HTSeq- per kilobase million (FPKM) and HTSeq-Counts) and associated clinical information for the patient’s 5 normal brain tissue samples and 698 glioma samples. RNA transcriptome data (FPKM and counts data) from normal brains were obtained from the GTEx database (http://xena.ucsc.edu/) on January 1, 2022. RNA transcriptome data and corresponding clinical data were collected from the Chinese Glioma Genome Atlas (CCGA) database for 693 and 325 patients with glioma (12).




Figure 1 | The entire analytical process of the study.



The GTEx and TCGA datasets were merged to remove batch effects by the “Combat” algorithm, and the CGGA dataset was merged in the same way. Fragments We converted the values as transcripts per kilobase million (TPM) from FPKM. The Counts value matrix was used only to identify differential expression, while the TPM matrix was used for other analysis. Patients with missing overall survival values and duplicate samples were excluded when constructing models for prognostic analysis. The TCGA set was randomly assigned to the training and test groups by Perl and caret R packages in a ratio of 2:1. For validation of the prognostic model, the Rembrandt and CGGA datasets were utilized as the external validation datasets. The clinical data of these datasets are available in Supplementary Tables 1, 2. Since TCGA, Rembrandt, and CGGA databases are open access data and publicly available, this research did not need ethical approval. The copy number variation (CNV) and somatic datasets of glioma were also collected from the Xena and TCGA, respectively. Data analysis was performed using Perl (5.34.0) and R (version 4.1.0).



Copy Number, Mutation Analysis, and Differential Expression Analysis of NRGs

From the necroptosis gene set M24779.gmt of the MSigDB (http://www.broad.mit.edu/gsea/msigdb/) and previous reports on necroptosis (19), we ended up with 67 necroptosis-associated genes (Supplementary Table 3). The Perl and R software were applied for CNV analysis, the ‘RCircos’ package was applied to show the distribution of NRGs alterations in chromosomes, and the ‘maftools’ were used to map the oncoplot of gene mutation. The ‘limma’ and ‘reshape2’ packages were used to identify differences in NRGs expression in normal brain tissue and gliomas. We further performed protein-protein interaction (PPI) networks for 67 NRGs using the STRING (https://cn.string-db.org/) and the interaction score was set to the highest confidence (0.9). The top 50 differentially expressed NRGs among them were visualized using ggplot2 for correlation analysis.



Consensus Clustering Analysis of NRGs

Prognostic risk network plots were drawn using the ‘RColorBrewer’, ‘psych’, ‘igraph’, and ‘reshape2’ packages. Based on the expression levels of NRGs, patients with glioma were classified into distinct NRGclusters using the R package “ConsensusClusterPlus”.



Clinical Features and Prognosis of Glioma Based on Molecular Subtypes

A correlation analysis was applied among the differences in molecular subtypes, as determined by consistent clustering, and different clinicopathological characteristics and prognosis. Clinical and pathological characteristics of the patients included survival time, survival status, gender, age, WHO grade, the status of radiation therapy or chemotherapy, the presence of mutations for IDH, 1p/19q codeletion, and MGMT promoter phosphorylation. Using the “survminer” and “survival” R packages, we examined prognostic differences of different subtypes based on Kaplan-Meier curves.



TME, PD-L1, and PD-1 in Different Molecular Subtypes

Our evaluation of each patient’s immune and stromal component was performed utilizing the ESTIMATE. To evaluate the proportions of distinct immune cell types, the CIBERSORT algorithm was applied (20). By using “ssGSEA” in the R package “GSVA” (21), we quantified the levels of cellular infiltration of the immune system. Further analysis was conducted on the expression of PD-1 and PD-L1 among the subtypes.



Identification and Functional Enrichment of DEGs

Functional enrichment analysis of DEGs between distinct subtypes was conducted with the “clusterprofiler” package (adjusted p-value < 0.05). The clusterprofiler is a popular machine learning algorithm, which was extensively utilized in medical studies (22–27).



Construction of the NRG_Score

NRG_score was constructed to evaluate the necroptosis of tumors. A univariate Cox regression analysis was applied on these prognostic DEGs among NRGclusters. Following this, patients were classified into four geneClusters using the consensus clustering analysis. The consensus clustering is a popular bioinformatics algorithm, which was extensively utilized in cancer-related studies (28–32).

Patients with missing overall survival values and duplicate samples were excluded. Patients with glioma from TCGA datasets were randomly classified into the training and test groups by the Perl and Caret R packages in a ratio of 2:1. For the training set, the NRG_score was figured out using Lasso Cox and multivariate Cox regression analysis. In calculating the NRG_score, the following formula was used:

	

Expi and Coefi of this equation correspond to the expression and risk coefficients, respectively. A median risk score was used for dividing patients into high-risk (NRG_score > median) and low-risk groups (NRG_score < median). The data was presented in a graphical format after principal component analysis (PCA) was conducted utilizing the package ”ggplot2”.



Acquisition of Clinical Specimens, RNA Isolation, and Quantitative Real-Time Polymerase Chain Reaction PCR (RT-qPCR)

Six pairs of gliomas and non-tumor tissues adjacent to the tumors were collected from glioma patients at Zhongshan City People’s Hospital. The removed samples were immediately stored at -80°C until use. Informed consent was obtained from all patients with glioma participating in this research. The ethics committee of Zhongshan City People’s Hospital reviewed and approved the study.

Total RNA was extracted from glioma tissue using TRIzol reagent (Thermo Fisher Scientific, USA). RNA was reverse transcribed to Complementary DNA using HIScriptIIIRT SuperMix (Vazyme, Nanjing, China). The qRT-PCR analysis was performed using SYBR Green qPCR Master Mix (Vazyme, Nanjing, China) on ABI QuantStudioTM 5 (Agilent Technologies, USA). In all PCR experiments, data were quantified using the 2-ΔΔCt method and normalized by GAPDH. Primers for specific target genes (Supplementary Table 4) were synthesized by Genepharma Biotech (Shanghai, China).

To further assess the changes in protein levels of these genes, typical immunohistochemical results were obtained from the Human Protein Atlas (HPA) and analyzed for histochemistry score (H-SCORE). The staining intensity was divided into 4 grades: negative, grade 0; weakly positive, grade 1; positive, grade 2; strong positive, grade 3. Score H-SCORE according to the percentage of positive staining, H-SCORE = ∑ (Pixi) = (weakly positive Pi × 1) + (positive Pi × 2) + (strong positive Pi × 3) (where Pi represents the percentage of positive cells in the number of all cells in the section, and i represents the staining intensity; the total score range is 0 ~ 300).



Survival, TMB, CSC, Mutation, Drug Sensitivity Analysis in High and Low-Risk Groups

We compared the difference of NRG_score in two groups. PCA analysis was applied to verify the differentiation of patients among the two groups. The receiver operating characteristic (ROC) and Kaplan-Meier survival analysis were applied for the prognostic prediction of patients. To assess the immune cells infiltrating the glioma, CIBERSORT was conducted. In addition, we evaluated the correlation of the 11 NRGs in the model with the infiltrating immune cells. The ESTIMATE package was applied to compare the TME between the two risk groups. We also evaluated the differences between TMB, gene mutations, PD-L1, PD-1, and CSC between the two risk groups. Using the “pRRophetic” package, semi-inhibitory concentrations (IC50) were calculated to assess the sensitivity of gliomas to common chemotherapy agents.



The Development and Validation of a Nomogram

Using the ‘RMS’ package, we compiled the risk scores with the patient’s clinicopathological information and developed a predictive nomogram. In this nomogram, every variable corresponds to a score, and the total score is calculated by averaging all variables for one patient. The prediction power of the nomogram was assessed using time-dependent ROC curves for each dataset. To describe the accordance between the predicted and observed survival outcomes for 1-, 3-, and 5-years, calibration plots of the nomogram were analyzed. We also compared the accuracy of the WHO grade and the nomogram in predicting 1-, 3-, and 5-year survivals using time-dependent ROC curves.



Statistical Analyses

The statistical analysis was conducted using R (4.1.0). A p-value or adjusted p-value of 0.05 is used as the level of statistical significance.




Results


The Landscape of Genetic and Transcriptional Variation of NRGs in Glioma

The overview of the analysis of this research was presented in Figure 1. This study involved 67 NRGs in total. We first summarized the frequency of somatic mutations in these NRGs in glioma patients and found that LGG patients had a relatively high frequency of mutations (Figure 2A). As shown in Figure 2A, mutations occurred in 451 (89.13%) of 506 LGG samples, with missense mutations being the most common mutation classification. Among them, IDH1 had the highest mutation rate (77%), followed by ATRX (37%), EGFR (6%), and IDH2 (4%). As shown in Figure 2B, out of 365 samples of GBM patients without IDH1 mutation, 144 (32.60%) patients had mutations in NRGs, with EGFR having the highest mutation rate (20%), followed by ATRX (4%), FLT3 (2%) and BRAF (2%). Next, we explored the impact of mutations in these NRGs on the prognosis of glioma patients. As shown in Figure 2C, patients with a high tumor mutation burden (TMB) had significantly lower survival rates than those with lower TMB. Furthermore, the mutation frequency of NRGs gradually increased with increasing glioma grade (Figure 2D).




Figure 2 | The landscape of genetic and transcriptional variation of NRG in glioma. Mutation frequencies of 67 NRGs in 506 patients with LGG (A) and 365 GBM patients without IDH1 mutation (B) from the TCGA dataset. (C) Kaplan-Meier survival analysis of the high TMB and low TMB groups. (D) Comparison of TMB score in gliomas of different grades. (E) The CNV variation frequencies of 67 NRGs in the patients with LGG or GBM from the TCGA dataset. (F) Locations of CNV alterations of 67 NRGs on 23 chromosomes. (G) The differential expression of 67 NRGs between gliomas and normal brain tissue. NRGs, necroptosis-related genes; LGG, low grade gliomas; GBM, glioblastoma; TCGA, The Cancer Genome Atlas; CNV, copy number variant; ***P<0.001, **P<0.01, *P<0.05.



These NRGs were examined for the frequency of somatic copy number variation (CNV) in glioma from the TCGA cohort, and we found that CNV was frequent across all NRGs. The incidence of NRG deletion in glioma samples was mostly greater than the incidence of acquisition. Among them, CDKN2A, TARDBP, TNFRSF1B, BNIP3, SIRT3, and TLR3 had a higher incidence of loss, while EGFR, MYC, BRAF, TNFRSF1A, DIABLO, GATA3, and TNFSF10 had a higher incidence of CNV gain (Figure 2E). The location of these NRGs on chromosomes with altered CNVs is depicted in Figure 2F.

Comparing the differential expression of 67 NRGs in 1153 normal brain tissues (GTEx 1148, TCGA 5) with 698 glioma tissues (TCGA), we found 63 DEGs (all FDR <0.05, Figure 2G). As shown in Figure 3A and Supplementary Table 5, NRGs were categorized as highly expressed, lowly expressed, or not differentially expressed (|FoldChange| <1.2) in gliomas. Among them, 35 genes, including EGFR, MYC, CDKN2A, TERT, IDH1, GATA3, PLK1, ID1, and TLR3, were up-regulated; 16 genes, including TSC1, HDAC9, USP22, STUB1, ATRX, MAPK8, ALK, HSP90AA1, and BNIP3, were down-regulated; and the expression of 16 genes, including MLKL, AXL, BACH2, SQSTM1, IPMK, MAP3K7, CFLAR, and BCL2, was not significantly changed. To further explore the interactions between these NRGs, a PPI network was constructed. The result revealed that ZBP1, CASP8, CD40, CFLAR, CYLD, FAS, FADD, RIPK1, and RIPK3 were the hub genes (all combined score > 0.9) (Figure 3B). The relevant heatmap of the top 50 NRGs in TCGA was shown in Figure 3C. Our analysis revealed significant differences in genetic profiles and expression levels of NRGs between normal brain tissue and glioma, suggesting a potential role of NRGs in glioma.




Figure 3 | The differential expression, PPI network, and expression correlation of NRGs. (A) Differential expression of NRGs in normal brain tissue and glioma. (B)The PPI network of NRGs. (C) The correlation of expression of NRGs.





Identification of NRGclusters in Glioma

To explore the important role played by NRGs in glioma patients, a comprehensive analysis was performed. Univariate regression analysis (Supplementary Table 6) showed that 50 of these NRGs had prognostic value (P<0.05). As shown in Figure 4A and Supplementary Table 7, NRGs interacted, co-expressed, and had a combined effect on the prognosis of glioma patients. Most of NRGs were positively correlated with each other and were risk factors.




Figure 4 | NRGclusters of gliomas divided by consensus clustering algorithm and clinicopathological characteristics of distinct subtypes. (A) Interactions of NRGs in glioma. The thickness of the line that connects a pair of NRGs indicates the strength of their association. Positive correlations are indicated in red and negative correlations in blue. (B) Heatmap of the consensus clustering matrix (k = 3) dividing glioma patients into the three NRGclusters. (C) The comparison of infiltration levels of immune cells in three NRGclusters. (D, E) Expression of PD-1 and PD-L1 in three NRG clusters. (F) Correlation between three NRGclusters and TME scores. TME, tumor microenvironment; ***P<0.001, **P<0.01, *P<0.05, ns P > 0.05.



Further investigating the role played by the NRGs in gliomas, we utilized a consensus clustering algorithm to examine subtypes of glioma patients according to the expression of NRGs (Supplementary Figure 1A-F). It appears that k = 3 is the best choice for classifying the dataset into NRGcluster A, B, and C (Figure 4B). In this scenario, the different subtypes are strongly correlated within groups and weakly correlated between groups.

Using ssGSEA to assess immune activity among glioma patients of different subtypes, we explored the role of necroptosis in glioma immunity. It was found that the infiltrating immune cells differed significantly between NRGclusters (Figure 4C and Supplementary Table 8). The infiltration level of immune cells was commonly high in NRGcluster C compared to the other two subtypes, especially activated CD8 T cells, activated dendritic cells, activated CD4 T cells, gamma delta T cells, MDSCs, immature B cells, natural killer cells, macrophages, and neutrophilia, etc.

Following this, we analyzed the immune checkpoints of these subtypes and found that both PD-1 and PD-L1 expression was higher in NRGcluster C than those in the other two subtypes (Figures 4D, E). TME scores of these NRGclusters were assessed utilizing the ESTIMATE, and similar to previous results, they were higher in NRGcluster C than those in the other two subtypes (Figure 4F).



Identification of geneClusters Based on DEGs

To further investigate the biological mechanisms underlying the differences in several NRGclusters, we applied the “limma” package to find DEGs of three subtypes and obtained 2012 DEGs by taking intersections (Figure 5A). The GO functional enrichment analysis of these DEGs revealed that they were enriched in biological processes related to immunity (Figure 5B and Supplementary Table 9). The KEGG analysis revealed that DEGs were enriched in pathways related to immune and inflammatory responses (Figure 5C and Supplementary Table 9). The previous results suggest that NRGs may be critical in tumor immunity. To further investigate the underlying regulatory mechanisms of NRGs, we initially conducted the univariate Cox regression analysis on 2012 DEGs and found that 1,866 of them were associated with prognosis (Supplementary Table 10). Then, based on these prognosis-related DEGs, a cluster analysis of samples was performed (Supplementary Figure 2A–F), and it was found that the samples of glioma patients in TCGA could be divided into geneClusters A-D 4 subtypes optimally (Figure 5D).




Figure 5 | Identification of gene subtypes based on DEGs. (A) The Venn diagrams for the three NRGclusters. (B, C) Functional enrichment analysis of GO and KEGG for DEGs among three NRGclusters. (D) Heatmap of the consensus clustering matrix (k = 4) dividing glioma patients into four geneClusters. (E) Kaplan-Meier survival analysis of the four geneClusters. (F) The clinicopathologic features of the four geneClusters. (G) The differential expression of 67 NRGs among the geneClusters. DEGs differentially expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; NRGs, necroptosis-related genes. ***P<0.001, **P<0.01, *P<0.05.



To verify the differences in prognosis across geneClusters, we performed survival analysis. According to the Kaplan-Meier curve, the prognosis of glioma patients in geneCluster A was worse than those in the other two subtypes (P < 0.001, Figure 5E). Subsequently, we compared the clinicopathological data and DEGs in patients of the 4 geneClusters. We found that poor prognosis in the geneCluster A group was associated with age > 40 years, WHO class IV, unmutated IDH, and unphosphorylated MGMT promoter (Figure 5F). In addition, the expression of NRGs was also generally significantly different between geneClusters(Figure 5G).



Development and Validation of the Risk NRG_Score

NRG_score was constructed based on the prognosis-related DEGs of different subtypes. We divided the TCGA glioma patients into training (n = 444) and validation sets (n = 218) in the ratio of 2:1, utilizing the package “caret”. We then applied Lasso regression analysis to screen out the optimum 23 prognostic genes among the DEGs (Figures 6A, B). The Subsequent multivariate Cox regression analysis was conducted on them, and we finally got 11 genes, including 5 low-risk genes (SEMA4G, NRG3, IDI1, ARHGAP12, CALN1) and 6 high-risk genes (SCYL2, PTDSS1, H2AX, PHF11, FAM171A1, PPM1M) (Figure 6C). According to the multivariate cox regression results, the formula of NRG_score was constructed as follows: risk score = (0.0268*expression of SCYL2) + (0.0176*expression of PTDSS1) + (-0.0540*expression of SEMA4G) + (-0.0235*expression of NRG3) +(-0.0079*expression of IDI1) +(0.0017*expression of H2AX) + (0.0367*expression of PHF11) + (-0.0129*expression of ARHGAP12) + (0.0046*expression of FAM171A1) + (0.0214*expression of PPM1M) + (-0.0225*expression of CALN1).




Figure 6 | Identification of representative candidate prognostic genes and differential expression of NRGs between the high and low-risk groups. (A) The LASSO regression analysis of the candidate prognostic genes. (B) The partial likelihood of deviance of the prognostic genes. (C) Forest plot of the multivariate Cox regression analysis for candidate genes. (D) The differential expression of NRGs between the high and low-risk groups. ***P<0.001, **P<0.01, *P<0.05.



The glioma patients of TCGA were assigned to high-risk (NRG_score > median, n = 222) and low-risk (NRG_score < median, n = 222) groups. The expression of most NRGs is significantly different between the high and low risk groups (Figure 6D). The PCA analysis (Figure 7A) showed that NRG_score was able to discriminate patients well.




Figure 7 | Development of the risk NRG_score in the training dataset. (A) PCA analysis based on the NRG_score. The blue and yellow dots represent the high- and low-risk groups, respectively. (B) Comparison of NRG_score in different NRGclusters. (C) Comparison of NRG_score in different geneClusters. (D) Alluvial diagram of the distribution of subtypes with different NRG_score and survival outcomes. (E) The ranked dot of the distribution of the NRG_score. (F) Scatter plots of the distribution of the survival status in patients from high- and low-risk groups. (G) The expression of genes in the NRG_score model in patients from two risk groups. (H) Kaplan-Meier survival analysis of the two risk groups. (I) ROC curves of the NRG_score model for predicting the sensitivity and specificity of 1-, 3-, 5-year survival in patients with glioma.



We explored the distribution of NRG_score among different subtypes. The NRG_scores of patients in three NRGclusters are statistically significantly different (P<0.01) (Figure 7B). Similarly, the NRG_score also differed significantly among several geneClusters (Figure 7C), with geneCluster A patients having the highest risk score, geneCluster C having the lowest risk score, and geneClusters B and D in the middle. Next, we examined the distribution of patients within the NRGcluster groups, the geneCluster groups, and the NRG_score risk groups (Figure 7D).

Based on the previous results, we found that the higher the NRG_score, the lower the survival rate of glioma patients. Further validating the result, we ranked all patients according to the NRG_score. According to the NRG risk distribution plot, the number of patients who died increased with increasing risk scores, and most of these deaths were attributed to patients with high-risk scores (Figures 7E, F). We present the expression level of the genes involved in the risk model (Figure 7G). In the high-risk group, glioma patients had a lower survival rate than that in the low-risk group (P < 0.001; Figure 7H). In addition, the NRG risk score had high prognostic predictive performance, with AUC values of 0.887, 0.930, and 0.893 for 1-, 3- and 5-year survival, respectively (Figure 7I).

To further validate the excellent prognostic predictive performance of NRG_score, we utilized the same formula to calculate the risk scores of patients in the internal test dataset and two external validation sets of CGGA and Rembrandt, and we divided the patients into two risk groups. We found that the number of patients who died increased significantly with increasing NRG_score in the internal test group (Supplementary Figure 3A), the two external validation sets of the CGGA (Supplementary Figure 3B), and Rembrandt (Supplementary Figure 3C). According to the survival analysis of the three validation sets (Supplementary Figures 3D–F), the survival rate of glioma patients was higher in the low-risk group than that in the high-risk group (P<0.001). The analysis of the predictive prognostic performance of NRG risk score (Supplementary Figures 3G–I) found that the AUC values of 1-, 3-, and 5-year survival remained high for the three validation sets, and the apparent NRG risk scores had excellent predicting prognostic power.



Validation of Expression Levels of 11 Genes in the Prognostic Model

To further evaluate the expression levels of genes in the model in clinical samples, we subjected 6 pairs of gliomas and their adjacent normal tissues to RT-qPCR analysis. As shown in Figure 8, 11 genes were significantly differentially expressed in glioma and adjacent normal brain tissues. In glioma tissues, most genes were upregulated in expression levels, while CALN1 expression was downregulated.




Figure 8 | RT-qPCR analysis on the expression levels of 11 genes in the prognostic model in 6 pairs of gliomas and their adjacent normal tissues. ***P<0.001, **P<0.01.



To further assess the changes in protein levels of these genes, typical immunohistochemical results obtained from the Human Protein Atlas (HPA) were presented. Among them, NRG3 and PHF11 protein expression data were not available in HPA. As shown in Figure 9, the differential trends in protein expression levels of the other nine genes were approximately the same as those in the mRNA expression levels. The above results verified the expression changes of 11 genes in the model at mRNA and protein levels and laterally confirmed the reliability of the genes included in the model.




Figure 9 | Protein expression levels of genes incorporated in the prognostic model between normal brain and glioma tissue as demonstrated by immunohistochemical analysis and the H-SCORE analysis. Bar = 100µm. *p < 0.05.





Comparison of TME and Checkpoints Between the Two Risk Groups

To assess the correlation between NRG scores and TME, we utilized the CIBERSORT algorithm to assess the level of immune cells infiltration. The NRG_score was positively correlated with CD8 + T cells, M1 macrophages, M0 macrophages, M2 macrophages, activated NK cells, follicular helper T cells, and neutrophils, and negatively correlated with CD4 memory resting T cells, Eosinophils, activated mast cells, and monocytes (Figure 10A). We also found that the high-risk group had significantly higher TME Scores, reflecting a higher level of immune cells infiltration (Figure 10B).




Figure 10 | Comparison of TME and checkpoints between the high- and low-risk groups. (A) Correlations between infiltrating immune cells and NRG_score. (B) Correlations between TME scores and NRG_score. (C) Correlations between the abundance of infiltrating immune cells and expression of NRGs in risk score model. (D) Expression of immune checkpoints between the two risk groups. TME, tumor microenvironment; NRGs, necroptosis-related genes. ***P<0.001, ** P<0.01, *P<0.05.



In addition, we evaluated the correlation between the expression of 11 genes in the risk model and the abundance of immune cells. There was a significant correlation between the expression of 11 genes and immune cells (Figure 10C). In addition, 33 immune checkpoints including PD-L1, PD-1, and CTLA-4 were differentially expressed in the two groups (Figure 10D).



Correlation Between NRG_Score and Mutation, CSC, and Drug Sensitivity

To further evaluate whether glioma patients could benefit from immunotherapy, we conducted a tumor mutation analysis. According to the results, a significantly higher TMB was observed in the high-risk group than that in the low-risk group (Figure 11A), indicating that immunotherapy was more likely to be effective in patients in the high-risk group. According to Spearman correlation analysis, TMB correlated positively with NRG_score (R=0.59, p<0.001, Figure 11B). Following this, we examined the correlation between CSC and NRG_score, and found it to be negative (R=-0.51, p<0.001, Figure 11C), suggesting low tumor stem cell characteristics and high differentiation in patients with high NRG_score. Furthermore, we examined the distribution of somatic mutations between two risk groups. We found that IDH1, CIC, FUBP1, and ATRX mutation frequencies were significantly higher in patients of the low-risk group than those in patients of the high-risk group, while PTEN, TTN, EGFR, and MUC16 genes were mutated more frequently in patients of the high-risk group (Figures 11D, E).




Figure 11 | Correlation between NRG_score and mutation, CSC index, and drug sensitivity. (A) Comparison of TMB in two risk groups. (B) Spearman correlation analysis between TMB and the NRG_score. (C) Spearman correlation analysis between CSC index and the NRG_score. (D, E) The waterfall plot of somatic mutation features in the low- (D) and high-risk (E) groups. (F–I) Comparison of chemotherapy sensitivity in glioma between two risk groups.



We then evaluated the predictive value of NRG_score on patients’ chemotherapeutic drug sensitivity. We found that the IC50s for angiogenesis inhibitors such as sunitinib, and sorafenib were lower in patients of the high-risk group than those in patients of the low-risk group (Figure 11F and Supplementary Figure 4A). For the commonly used EGFR tyrosine kinase inhibitors, the sensitivity differed between the risk groups. Compared to the low-risk group, patients in the high-risk group had lower IC50 values for Erlotinib (Supplementary Figure 4B) and higher IC50 values for Gefitinib and Nilotinib(Figure 11G and Supplementary Figure 4C). In addition, the IC50 values of Temsirolimus (Figure 11H), Tipifarnib (Figure 11I), Bicalutamide (Supplementary Figure 4D), Gemcitabine (Supplementary Figure 4E), Parthenolide (Supplementary Figure 4F), Salubrinal (Supplementary Figure 4G), and vinblastine (Supplementary Figure 4I) were lower in the patients of the high-risk group than those of the low-risk group, while IC50 value of shikonin (Supplementary Figure 4H) was higher in patients of the high-risk group than that in the low-risk group. It appears that the NRG_score may be used to predict patients’ drug sensitivity, even in the sense of guiding the selection of different classes of drugs in the same category.



Development and Validation of a Nomogram to Predict Survival

To make the NRG_score easier to apply clinically, we combined it with the clinicopathology of glioma patients to develop a nomogram for predicting patients’ prognosis (Figure 12A ands Supplementary Table 11). The AUC values of the nomogram for predicting the 1-year, 3-year, and 5-year survival rates of the training set were 0.908, 0.927, and 0.896, respectively (Figure 12B), and the calibration curves also suggested high accordance between the predicted probabilities and the observed probabilities, indicating the high reliability of the nomogram (Figure 12C). Similarly, we also demonstrated high accuracy of nomogram in predicting 1-, 3-, and 5-year survival with high reliability in an internal validation set (Figure 12D), and two external validation sets (CGGA (Figure 12E), and Rembrandt (Figure 12F–I).




Figure 12 | Construction and validation of a nomogram to predict survival of patients with glioma. (A) Nomogram for predicting the 1-, 3-, 5-year survival of glioma patients in the training set. (B) ROC curves of the nomogram for predicting the sensitivity and specificity of 1-, 3-, 5-year survival in glioma patients in the training dataset. (C) Calibration curves of the nomogram for predicting 1-, 3-, and 5-year survival in glioma patients in the training dataset. (D-F) ROC curves of the nomogram for predicting the sensitivity and specificity of 1-, 3-, 5-year survival in glioma patients in the TCGA testing dataset(D), CGGA (E), and Rembrandt (F). (G-I) Calibration curves of the nomogram for predicting 1-, 3-, 5-year survival in glioma patients in the TCGA testing dataset (G), CGGA (H), Rembrandt (I).



Subsequently, we compared the predictive accuracy of our nomogram with that of the WHO-grade in the training and validation datasets. We found that the AUC values of 1,3,5-year survival (Supplementary Figures 5A, E, I) were higher than those predicted by WHO grade in the training dataset. The same results were obtained in the internal validation dataset (Supplementary Figures 5B, F, J), the CGGA external validation set (Supplementary Figures 5C, G, K), and the Rembrandt external validation set (Supplementary Figures 5D, H, L), indicating that the nomogram has better predictive performance than that of the WHO grade.




Discussion

Targeting necroptosis has also emerged as a promising therapeutic approach to bypass apoptosis resistance and support anti-tumor immunity. However, the role played by necroptosis-related genes in the development and prognosis of glioma has not been effectively elucidated by current studies. Ferroptosis-related genes (33), pyroptosis-related genes (34), and autophagy-related genes (35) have been reported in the literature for predicting survival in patients with glioma. However, the effect of necroptosis-related genes (NRGs) on predicting the survival of patients with gliomas and on the tumor microenvironment in gliomas has not been reported. Therefore, our study still has some theoretical and clinical significance.

In this study, we first analyzed the overall variation of 67 NRGs at the genetic and transcriptional levels in glioma patients. Based on candidate NRGs, we divided patients into 3 NRGclusters and 4 geneClusters. To further investigate the potential role of NRGs in regulating immunity in patients with glioma, we found that the level of immune cells infiltration and TME scores were generally higher in geneCluster C than those in the other subtypes. Immune checkpoint comparison also revealed that PD-L1 and PD-1 were higher in geneCluster C than those in the other subtypes.

To further investigate the biological behavior behind the differences in several NRGclusters, we screened the differential genes and performed GO, KEGG functional enrichment analysis, and found that DEGs were enriched in immune and inflammation-related pathways, indicating that NRGs are indispensable for these processes.

As well, we conducted the univariate Cox regression, Lasso regression, and multivariate Cox regression analysis on the DEGs to screen out prognosis-related genes, and four geneClusters were identified based on the consensus clustering analysis. A survival analysis revealed significant differences in prognosis among the four subtypes. The patients were randomly assigned to training and validation groups. And by lasso regression and multivariate cox regression analysis, we finally screened for 11 genes to construct a risk score model. It was found that the model had excellent predictive performance when it came to predicting the prognosis of patients in these datasets.

Moreover, the risk score correlated and predicted well for treatments such as TMB, immune checkpoint, immune cell infiltration, and CSC. Furthermore, the risk score can be used as a guide in predicting the sensitivity to chemotherapy drugs. To facilitate more clinical application, we combined the NRG_score with clinical information and developed a nomogram to predict the prognosis of patients with glioma in datasets. ROC curves and calibration plots demonstrated that the nomogram was highly predictive and reliable. Moreover, the predictive powers of the nomogram were more accurate than those of the WHO grade. As such, the nomogram may be applied to predict the prognosis of patients suffering from gliomas. The study makes it clear that NRGs are indispensable to glioma progression, immunomodulation, and treatment, and that they can provide a guide for sensitive drug screening during chemotherapy, which could provide new ideas for individually targeted therapies.

We screened for DEGs between a normal brain and glioma tissue from 67 NRGs and constructed PPI networks to explore hub genes. It was found that ZBP1, CASP8, CD40, CFLAR, CYLD, FAS, FADD, RIPK1, and RIPK3 were the hub genes. Yang et al. (36) reported that the DNA-dependent activator of IFN regulatory factors (ZBP1) plays an important role in IFN signaling during anti-necrotic apoptosis. ZBP1 is involved in regulating RIPK1/RIPK3-FADD-caspase-8 cell death complex assembly, along with their important regulatory role in necroptosis (37, 38). Osborn et al. (39) reported that the Fas-associated death domain (FADD), a negative regulator of necroptosis, plays a vital role in T cell receptor-mediated necroptosis.

By inhibiting necroptosis, caspase-8 also contributes to survival (40–42). And it has been reported (43) that inhibition of caspase-8 leads to CYLD-dependent necroptosis. He et al. (44)reported that the anti-apoptotic protein CFLAR (CASP8 and FADD-like apoptosis regulator) plays a key role in necroptosis in T lymphocytes. A large body of literature reports that RIPK acts as an important sensor, receiving stimuli from both inside and outside the cell, and is involved in several biological processes such as immune response, inflammation, and cell death; RIPK1 and RIPK3 are essential for necroptosis (7, 13, 14, 45).

Correlation analysis showed that the expression of numerous NRGs was positively correlated and most of them were risk factors, suggesting a common role in regulating necroptosis. In contrast to previous studies focusing on a single gene, it is equally important to investigate the role played by the gene set as a whole. Based on the consensus clustering analysis, glioma patients were divided into three subtypes (43, 44).

We performed two layers of clustering, the first layer is NRGcluster, and the second layer is geneCluster. The main purpose of NRGcluster is to find the number of clusters with the strongest intra-group correlation and the weakest inter-group correlation. The second layer of clustering builds on the first layer of clustering to find the differentially expressed genes among different NRGclusters for a deeper geneCluster. For a deeper understanding of the differences among these NRGclusters, we performed enrichment analyses of DEGs within each subtype. GO and KEGG results also revealed substantial enrichment in immune and inflammation-related biological pathways, which suggested that NRG may be indispensable for the regulation of tumor immunity.

The consensus clustering analysis was conducted on prognosis-related DEGs, and several geneClusters were finally derived. The prognosis and expression of NRGs differed significantly among the geneClusters. To facilitate generalized application, we developed an NRG_score risk prediction model and confirmed the high predictive efficacy and reliability of the model in all datasets. NRG_score was used to categorize patients into high- and low-risk groups. By comparing the expression of NRGs in two risk groups, we found that the expression of NRGs such as ZBP1, RIPK1, RIPK3, FADD, FAS, and MLKL was widely lower in the low-risk group than those in the high-risk group, suggesting that the risk score can well reflect the incidence of necroptosis.

To investigate the mechanisms of immune modulation by NRGs, we performed a comparative analysis of the infiltration of immune cells, immune checkpoints, TMB, and CSC in the two risk groups. High-grade gliomas have a poor prognosis, and although some patients respond better to radiotherapy treatment, tumor heterogeneity is high. This highlights the critical role of TME in glioma development and progression. Targeting the heterogeneity of glioma TME provides new ideas for the treatment of glioma (46). There is a combination of immune cells, stromal cells, fibroblasts, endothelial cells, cellular stroma, and blood vessels surrounding the TME, which are responsible for the heterogeneity of the tumor as well as for its development and prognosis (47). It was found that our NRG_score was significantly related to the infiltration of immune cells. A positive correlation was found between NRG_score and CD8 + T cells, M1 macrophages, follicular helper T cells, M2 macrophages, and neutrophils, M0 macrophages, and a negative correlation was found with activated NK cells, Eosinophils, activated mast cells, CD4 memory resting T cells, and Monocytes.

Monocytes perform a crucial role in immune surveillance and immunological response regulation (48, 49). We found that necrotizing apoptosis was negatively correlated with monocyte expression. This may be because monocytes migrate to the tumor region during pathological situations, such as necroptosis in glioma, and then differentiate into immunological cells, such as macrophages. It has been reported (46) that monocyte-derived macrophages are essential in the regulation of the microenvironment of brain tumors, which supports our findings. Macrophages (Mφs) generally regulate immune responses and ultimately maintain immune homeostasis through biological processes such as pathogen phagocytosis and antigen presentation (50). Mφs can be simplified as inflammatory M1 or immunosuppressive M2 Mφs (51), and the M1, and M2 of Mφ are convertible between them and exist continuously and uniformly (52). Our study found that the infiltration of several subtypes of macrophages was elevated in the high-risk group of gliomas. Moreover, the pro-inflammatory and immunosuppressive functions of each macrophage were again uniformly present, which laterally reflects part of the source of glioma tumor heterogeneity. Follicular helper T cells are a class of CD4+ T cell subpopulations (53), whose main function is to assist B cells in humoral immunity and enhance the immune response (54). High CD8+ T cells infiltration is also a sign of high immune response. We found a higher incidence of necroptosis and a higher immune response in the high-risk group than those in the low-risk group. There is also evidence (8) suggesting that exposure to necrotizing apoptotic cells within the TME is associated with an increased number of tumor-specific CD8+ T cells within the tumor tissue. This is in accordance with our results. NK cells, as innate immune cells, can target tumor cells and perform a crucial role in tumor detection, elimination of malignant cells, and limiting tumor metastasis (55, 56). The negative association of activated NK cells with risk scores found in our study is consistent with previous studies. Consistent with the results of increased immune cell infiltration, the TME scores were higher in the high-risk group than those in the low-risk group, and the expression of genes in the model was most significantly correlated with immune cell expression. It is suggested that the immune microenvironment can be scored and predicted by the correlation between NRG_score and immune cell infiltration in the risk model.

With the development of immunology and molecular biology for tumors, immune checkpoint-based immunotherapy provides a new idea for tumor treatment. The PD-L1 and PD-1 perform a vital role in tumorigenesis and progression and could be a target for tumor immunotherapy. It has been reported that PD-1 and PD-L1 exert a vital role in the progression and immunotherapy of glioma (57). According to Baral et al., The expression of PD-L1 correlates with the WHO grade in gliomas. The expression of PD-L1 is common in GBM but is mostly restricted to a small subpopulation of infiltrating T cells, forming a “molecular barrier” that contributes to tumor immune escape and promotes tumor malignancy (58). A high PD-L1 expression is related to prognosis, and therefore screening out the Tipifarnibpatients with high PD-L1 expression is important for predicting good immunotherapy outcomes. Consistent with previous findings, we also found that patients with glioma had higher PD-1, PD-L1, and worse prognosis in the high-risk group than those in the low-risk group. Our risk score model can also assist in predicting PD-L1 expression, which is valuable as a guide to screening out patients with good responses to PD-1 immunotherapy.

TMB could be utilized to predict the survival of patients after treatment with immune checkpoint inhibitors (ICIs) in a variety of cancers. Most patients with tumors with a higher TMB, except for gliomas, will likely benefit from ICI therapy and have a better prognosis. Generally, patients with higher TBM gliomas often have a worse prognosis (59). These patients’ poor prognosis is most likely due to their own high WHO grade. A higher TMB in these patients may be the result of their previous exposure to temozolomide, which may lead to the development of less immunogenic subclonal mutations (60). In addition, we found that patients in the high-risk group had higher TBM values and that the TMB and the NRG_score were positively related. Additionally, the NRG_score and CSC showed a negative correlation. These studies suggest that patients with high-risk scores have malignantly differentiated tumor cells with inherently high heterogeneity, which may also result in different responses to antitumor immunotherapy and low dependence on TMB. Therefore, the response of patients to PD-1 and TMB may not always be consistent.

We further investigated the tumor mutations in two risk groups. We found a lower frequency of IDH1 and CIC mutations and a higher frequency of PTEN, EGFR, and TTN mutations in patients from the high-risk group than those from the low-risk group. Zhang et al. (61) reported that IDH and CIC mutations occurred primarily in low-grade gliomas and that they were associated with a significantly higher survival rate. In contrast, EGFR, PTEN, and TTN were related to worse survival. This is in accordance with our findings.

From the above results, we speculated that patients screened from the high-risk group may be easier to benefit from multiple drugs such as immunotherapy than patients in the low-risk group. Thus, we assessed the patients’ sensitivity to currently used chemotherapy and immunotherapy drugs. For angiogenesis inhibitors, the patients in the high-risk group were more likely to benefit from sunitinib and sorafenib than from other similar drugs. And among PI3K-Akt-mTOR pathway inhibitors, Temsirolimus was preferred over Everolimus for patients with high-risk glioma. Tipifarnib and Lonafarnib are a class of Farnesyl transferase inhibitors that induce death in radiotherapy-insensitive gliomas (62–64). We also found that patients in the high-risk group were more sensitive to Tipifamib than Lonafarnib. Interestingly, for the commonly used epidermal growth factor receptor tyrosine kinase inhibitors, patients in the high-risk group were more sensitive to Erlotinib, while the low-risk group should prefer the highly sensitive Gefitinib and Nilotinib. In addition, Bicalutamide, Gemcitabine, Parthenolide, Salubrinal, vinblastine, and Shikonin have also been reported for the treatment of glioma (65–69). Patients in the high-risk group may benefit more from Bicalutamide, Gemcitabine, Parthenolide, Salubrinal, and vinblastine; While in the low-risk group, the patients were more sensitive to shikonin. The results revealed that NRG_score can be used to predict the drug sensitivity of patients and even provide guidance in the selection of different drugs in the same class.

To facilitate clinical application, we combined NRG_score with clinical data to develop a nomogram for predicting the prognosis of patients. In the training set, the internal validation set, and both external validation sets of CGGA and Rembrandt, the model proved to have excellent predictive efficacy and high reliability.

Our study has several limitations. First, there are not many studies on necroptosis, especially its study in glioma is even less. The selected NRGs may only be the tip of the iceberg, and more basic studies are needed to confirm more necroptosis molecules. Secondly, we chose all public data from public databases; it would be more convincing to use prospective own data.



Conclusions

We integrated the broad impact of NRGs on tumor immunity, TME, and prognosis at genetic and transcriptional levels. We constructed risk scores and a nomogram for the survival prediction of patients with glioma. The findings of this research provide new insights into personalized targeted therapies for gliomas.
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Although patients with lower-grade gliomas (LGGs; grades II and III) have a relatively favorable prognosis, patients frequently relapse and tend to progress to higher-grade gliomas, leading to treatment resistance, poor survival, and ultimately treatment failure. However, until now, thorough research has not yet been reported on the relationship between PD-L2 and immune infiltration and therapeutic sensitivity to immunotherapy and TMZ-based chemotherapy of LGGs. In this study, we found that the expression of PD-L2 is upregulated in glioma, with high PD-L2 expression predicting a worse prognosis. Univariate and multivariate Cox regression analysis both indicated that PD-L2 represented an independent prognostic factor with high accuracy in survival prediction for LGGs. A nomogram comprising of age, grade, IDH mutation, and PD-L2 was established for predicting OS. Additionally, PD-L2 was found to be remarkably correlated with immune infiltration and some anti-tumor immune functions. The degree of PD-L2 expression was also found to be strongly related to the prediction of therapeutic sensitivity to immunotherapy and TMZ-based chemotherapy. Furthermore, immunohistochemistry demonstrated that PD-L2 and the macrophage biomarker CD68 were both increased in glioma, with PD-L2 expression having a strong positive connection with CD68 expression. Taken together, PD-L2 is a prognostic biomarker for LGGs patients that may provide novel insights into glioma individualized therapeutic strategies and guide effective immunotherapy and chemotherapy.




Keywords: lower-grade gliomas (LGGs), PD-L2, tumor immune microenvironment, immune infiltration, prognosis, therapeutic sensitivity



Introduction

Gliomas are the most prevalent and fatal primary malignant intracranial tumors of the central nervous system (CNS), with a poor prognosis and fast progression (1, 2). According to the World Health Organization (WHO) classification criterion, gliomas can be classified as grade I-IV based on histopathological characteristics and biological behaviors (3). Lower-grade gliomas (LGGs) are classified as WHO grades II and III, while glioblastoma multiforme is classified as WHO grade IV (GBM) (4, 5). Despite the recent multimodal therapeutic strategies that have yielded some recent advances, including surgical resection, radio-chemotherapy, and immunotherapy, the survival and prognosis of glioma patients are still dismal with a 5-year survival rate of 20-30% (6–8). Studies have shown that the median survival time of LGGs is highly variable, and its biological behavior shows great intrinsic heterogeneity, which can rapidly develop into high-grade glioblastoma (GBM) (9, 10). Novel and effective prognostic biomarkers for early diagnosis, prognosis evaluation, and treatment response prediction of LGGs patients are urgently needed due to the lack of accurate and effective approaches to predict the prognosis of LGGs patients.

PD-L2 is the second ligand for PD-1, with a two- to six-fold affinity for PD-1 compared to PD-L1, and it can be produced by stromal, immune, or tumor cells (11).PD-L2 is a less studied PD-1 ligand, which plays an important role in cancer progression and immune regulation. Recent studies have linked PD-L2 expression to a poor prognosis in a variety of malignancies, such as lung adenocarcinoma (12), esophageal cancer (13), renal cell carcinoma (14), gastric cancer (15), colorectal cancer (16). Multiple recent studies have revealed that the tumor immune microenvironment (TIME) works as an immunosuppressive therapeutic barrier and is increasingly recognized as a crucial regulator of tumorigenesis, progression, maintenance, and therapy resistance (17–20). Tumor-infiltrating immune cells (TIICs), such as tumor-associated macrophages (TAMs), may be able to predict cancer prognosis and the efficacy of chemotherapy and immunotherapy in the TIME, which might be a viable target for anti-cancer therapy (21, 22). Quantifying tumor-infiltrating immune cells and revealing the significance of tumor immune microenvironment components and signatures may thus aid in better understanding their role in tumor immune escape, predicting patient prognosis, and guiding the development of innovative therapeutic strategies (23). A growing body of research suggests that transcriptional signatures could well evaluate the tumor immune microenvironment and predict clinical prognosis in glioma (24, 25). Nevertheless, until now, the literature lacks a comprehensive analysis of the association between PD-L2 and infiltrating immune cells in the LGGs TME, as well as the relationship between PD-L2 and therapeutic sensitivity to immunotherapy and chemotherapy.

In this study, we comprehensively analyzed the expression pattern and prognostic value of PD-L2 in glioma with RNA-seq data and corresponding clinical data from The Cancer Genome Atlas (TCGA) (n = 529) and the Chinese Glioma Genome Atlas (CGGA) (n = 443) datasets. Furthermore, an accurate nomogram integrating PD-L2, age, grade, and IDH mutation status was constructed to predict the 1-, 3- and 5-year OS of patients with LGGs, which revealed a high efficacy for prognosis prediction. The relationship between PD-L2 and tumor-infiltrating immune cells (TIICs) infiltration in the tumor immune microenvironment (TIME) was then investigated. Subsequently, we further explored the potential biological processes and pathways of PD-L2 involvement in the pathogenesis of LGGs. Furthermore, the predictive value of PD-L2 in the efficacy of therapeutic sensitivity to immunotherapy and chemotherapy was also investigated. Our findings could shed light on the critical role of PD-L2 as a novel biomarker and potential therapeutic target in LGGs, as well as provide an underlying mechanism between PD-L2 and tumor-immune interactions.



Materials and Methods


Ethics Statement

The experiments were undertaken with the understanding and written consent of each subject. The study was approved by the Ethical Review Boards of the Affiliated Changzhou No. 2 People’s Hospital of Nanjing Medical University and conformed to the standards set by the Declaration of Helsinki.



Gene Expression Data Acquisition and Analysis

Glioma tissues (WHO grade II and grade III, n=20) and normal brain tissue (n=2) embedded in paraffin were collected from patients undergoing surgery in the Department of Neurosurgery, The Affiliated Changzhou No. 2 People’s Hospital of Nanjing Medical University. The RNA-seq data and corresponding clinical data of LGG patients were downloaded from The Cancer Genome Atlas (TCGA; http://cancergenome.nih.gov/) and the Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn). The collected clinical data included age, gender, grade, IDH mutation status, 1p/19q codeletion status, and histological types.



Evaluation of the Independent Prognostic Factor and Survival Analysis

Correlations between PD-L2 expression and the clinicopathological and molecular features were analyzed by the “ComplexHeatmap”, “ggalluvial”, and “ggpubr” R package. Univariate and multivariate Cox regression analyses were used to determine whether PD-L2 could be used as an independent prognostic factor in patients with LGGs, regardless of clinical and molecular characteristics such as age, gender, grade, IDH mutation status, 1p/19q codeletion status, and histological types. According to the median expression level of PD-L2, glioma patients were divided into high-expression and low-expression groups. The Kaplan–Meier survival analysis was performed to evaluate overall survival (OS) using the ‘survival’ R package.



Development and Validation of the Nomogram Model

The nomogram including age, grade, IDH mutation status, and PD-L2 for prediction of 1-, 3-, and 5-years survival probability was conducted and verified in the TCGA cohort as well as CGGA cohort. The concordance index (C-index) and a calibration curve plot were then used to evaluate the nomogram’s predictive accuracy and discriminative ability.



Infiltration Patterns in the Tumor Microenvironment

The ESTIMATE algorithm (Estimation of Stromal and Immune cells in Malignant Tumors using Expression data) was applied to calculate the immune score, stromal score, estimate score, and tumor purity based on the transcriptome profile of TCGA and CGGA LGG cohorts (26). Single-sample gene set enrichment analysis (ssGSEA) is an algorithm performed to quantify immune cell infiltration in a single sample according to the expression levels of immune cell-specific markers in the tumor microenvironment using the “limma”, “GSEABase”, and “GSVA” packages (27–29). To identify TME infiltrating immune cells, the list of immune cell-specific markers gene sets was collected from a previous study (30). The correlation between PD-L2 expression and tumor-infiltrating immune cells (TIICs) infiltration in the tumor immune microenvironment was analyzed by the ssGSEA analysis (31). To validate the accuracy of the ssGSEA, we analyzed the correlation of PD-L2 expression with the abundances of six types of immune cells (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells) from the online TIMER (https://cistrome.shinyapps.io/timer/) database (32). Currently acknowledged methods including TIMER, QUANTISEQ, CIBERSORT−ABS, CIBERSORT were performed to calculate the relationship between the expression of PD-L2 and the abundance of infiltrating immune cells among the LGGs samples from the TCGA dataset. The “GSVA” R package was used to compare the ssGSEA scores of immune cell infiltration and immune-related functions or pathways between high-PD-L2 and low-PD-L2 expression groups. Subsequently, the KEGG, GOBP, and hallmark pathways were used to identify the potential biological functions and pathways associated with PD-L2 expression level using the “GSVA” R package. Among them, Hallmark (h.all.v7.4.symbols.gmt), KEGG (c2.cp.kegg.v7.4.symbols.gmt), and GOBP (c5.go.bp.v7.4.symbols.gmt) gene sets were downloaded from Molecular Signatures Database (http://www.gsea-msigdb.org/). Statistical significance was determined for functional categories with an adjusted P-value < 0.05 or a false discovery rate (FDR) < 0.05.



Therapeutic Sensitivity Prediction

Next, we further predict the therapeutic sensitivity of LGGs patients to anti-PD-1 and anti-CTLA-4 immunotherapy and chemosensitivity of temozolomide (TMZ). To better predict the therapeutic sensitivity of immune checkpoint inhibitors (ICIs), we downloaded the immune cell and immunophenotype data from The Cancer Immunome Atlas (TCIA) (https://tcia.at/home). The immunophenogram was used to predict anti-PD1/PD-L1 therapy responses in LGGs. The immunophenogram was used to calculate the immunophenoscore (IPS) among four types (CTLA4 positive + PD-1 positive, CTLA4 negative + PD-1 negative, CTLA4 positive + PD-1 negative, CTLA4 negative + PD-1 positive, CTLA4 negative + PD-1 positive) from the TCGA-GBM database. The IPS scale ranged from 0 to 10.A high PD-1 positive IPS predicts a good response to anti-PD-1/PD-L1 therapy. Furthermore, we used the R package “pRRophetic” to predict the chemosensitivity of temozolomide (TMZ) based on half-maximal inhibitory concentration (IC50) in different groups (33, 34).



Immunohistochemistry

In formalin-fixed, paraffin-embedded surgical specimens of normal brains and different grades (WHO grade II-III) of human gliomas, immunohistochemical (IHC) staining was used to detect PD-L2 and CD68 expression. First, all paraffin specimens were cut into 4 μm thick slices, dewaxed in xylene (10 min x 2) and rehydrated with graded ethanol (100%, 95%, and 75% for 2 min, respectively), and then washed with phosphate-buffered saline (PBS; 3 times for 3 min). After antigen retrieval in 10 mM sodium citrate buffer (pH 6.0) and blocking endogenous peroxidase activity with 3% H2O2 (five minutes), the slides were incubated with 10% normal goat serum for 30 minutes at 37°C. Then the sections were incubated overnight with rabbit polyclonal anti-PD-L2 (Invitrogen, PA5-82484, 1:300), anti-CD68 (ZSGB-BIO, ZM-0464, ready-to-use) at 4°C, followed by incubation with biotinylated goat anti-rabbit immunoglobulin G (IgG) secondary antibody (ZSGB-BIO, ZDR5306, ready-to-use). The sections were then stained with DAB (3,3-diaminobenzidine), counterstained with hematoxylin, dehydrated, dried, and mounted. Three experienced pathologists were invited to evaluate all immunostained slides for IHC scores. The numbers of positively stained PD-L2 cells and CD68 cells were counted under the high-magnification lens (400×) in six randomly selected visual fields (35). The immunoreactive score (IRS) was calculated by multiplying the intensity of the staining by the percentage of positive cells. The staining intensity was scored as follows: 0 (negative), 1 (weak staining), 2 (moderate staining), and 3 (strong staining). The percentage of cells that were positive was scored as follows: 0 score (0% positive cells), 1 score (1%–25% positive cells), 2 score (26%–50% positive cells), 3 score (51%–75% positive cells), and 4 score (76%–100% positive cells) (36).



Statistical Analysis

R (version 4.1.0) and publicly available packages were used for all statistical studies. P value<0.05 was considered statistically significant. (*P<0.05, **P<0.01, and ***P<0.001).




Results


PD-L2 Expression Was Upregulated in Glioma and Associated With Clinical and Molecular Characteristics

The PD-L2 expression level was significantly increased with an increasing grade of glioma in the TCGA cohort (Figures 1A, B). We then performed to investigate the relationship between the expression of PD-L2 and clinicopathological characteristics of LGGs patients in the TCGA and CGGA databases (Table 1). The results showed that PD-L2 was significantly higher expressed in IDH wildtype than that in the IDH mutation (p< 0.001), and in 1p19q non-codeletion than 1p19q codeletion (p<0.001). Furthermore, PD-L2 expression was significantly higher in LGGs patients with a dead status than in those with an alive status(p<0.05). The expression level of PD-L2 was also found to be highly correlated with histological types (p < 0.05, Table 1 and Figure 1). Consistent with the above findings, we found substantial differences between the high- and low-PD-L2 expression groups in terms of survival, grade, IDH mutation status, 1p/19q codeletion status, and histological types in the CGGA cohort (P < 0.05, Supplementary Figure 1 and Supplementary Figure 2).




Figure 1 | PD-L2 expression is associated with clinicopathological features in the TCGA dataset. (A) The heatmap showing the correlation between the expression levels of PD-L2 and the clinicopathological features including age, gender, survival status, grade, IDH mutation status, 1p/19q codeletion status, and histological types. (B–E) The scatter diagram showed that grade, IDH mutation status, 1p/19q codeletion status and histological types were significantly associated with PD-L2 expression (***P<0.001; **P<0.01).




Table 1 | Correlation between PD-L2 expression and clinicopathologic characteristics of patients with LGGs in TCGA and CGGA cohorts.



The major clinicopathological characteristics of the 20 patients with LGGs are summarized in Supplementary Table 1. The average age of patients was 50 (range, 13–73 years), 15 males and 5 females. As for grade, 45% patients were in grade II. Astrocytoma was the main histological type (n = 11), followed by oligodendroglioma (n = 7) and oligoastrocytoma (n = 2). Other clinical and molecular characteristics of these patients are presented in Supplementary Table 1. Subsequently, the protein levels of PD-L2 were further validated via IHC staining in the normal brain tissue and gliomas samples from the Affiliated Changzhou No. 2 People’s Hospital of Nanjing Medical University (n=20). IHC staining of PD-L2 in tissue samples from primary gliomas WHO grade II-III patients (n = 20) and normal brain (n = 2) demonstrated that PD-L2 protein levels were more often increased in LGGs (WHO grade II-III) samples, while expression was low/undetectable in normal brain tissues (Figure 2). Taken together, these results indicated that PD-L2 levels were considerably higher in glioma tissue than in normal brain tissue.




Figure 2 | Representative images of immunohistochemical (IHC) staining of PD-L2 protein in glioma tissues and normal brain tissue (×100 and ×400).





PD-L2 Was an Independent Prognostic Factor in LGGs

We investigated the impact of PD-L2 expression on overall survival (OS). Patients were divided into a high expression group and a low expression group based on the median PD-L2 expression level. The Kaplan-Meier survival analysis revealed that patients with higher levels of PD-L2 expression had a worse prognosis than those with lower levels of PD-L2 expression in the TCGA and CGGA cohorts (P < 0.001, Figures 3A, B).




Figure 3 | Kaplan–Meier overall survival (OS) curves for patients in the TCGA (A) and CGGA (B) datasets assigned to high- and low-expression groups.



Next, to assess the independent prognostic value of PD-L2 and other clinical-pathological factors in LGGs, Univariate and multivariate Cox regression analysis indicated that PD-L2 expression remained an independent prognostic factor of OS for patients with LGGs (HR: 1.939; 95% confidence interval [CI]: 1.355-2.775) after adjusting for the six clinicopathological factors (age, gender, grade, IDH mutation status, 1p/19q codeletion status, and histological types) (Table 2).We developed a nomogram model based on independent prognostic factors (age, grade, IDH mutation status, and PD-L2 expression) to quantitatively evaluate the 1-, 3-, and 5-year OS of patients with LGGs (Figure 4A). The C-index of the nomogram was calculated to be 0.826, and the calibration curves for the 1-, 3- and 5-year OS had an excellent predictive effect (Figures 4B–D). Additionally, external validation was done by the CGGA samples. The C-index was 0.701 and the calibration curves for probabilities for 1-, 3- and 5-year OS revealed good agreement between the predicted nomogram and actual survival (Figures 4E-G). Conclusively, this nomogram model based on PD-L2 expression may be a promising prognostic model for evaluating the clinical prognosis of LGGs.


Table 2 | Univariate and multivariate analysis of association of PD-L2 and prognostic factors with overall survival in LGGs based on the TCGA and CGGA databases.






Figure 4 | Construction and evaluation of a prognostic nomogram. (A) The prognostic nomogram predicts the probability of the 1-, 3-, and 5-year OS. (B–D) The calibration curve of the nomogram for predicting the 1-, 3-, and 5-year OS in the TCGA database. (E–G) The calibration curve of the nomogram for predicting the 1-, 3-, and 5-year OS in the CGGA database.





PD-L2 Expression Correlated With Immune Cell Infiltration and Tumor Immune Microenvironment

Then, using the ESTIMATE algorithm, we investigated the potential relationship between PD-L2 expression and immune infiltration and discovered that PD-L2 expression was positively correlated with the stroma score, immune score, and ESTIMATE score, as well as negatively correlated with tumor purity in the TCGA cohort (Figure 5A). To further explore the immune infiltration difference of 23 immune cells and the immune status betweenthehigh-PD-L2 and low-PD-L2 expression groups in the TIME, we quantified the infiltrating scores of diverse immune cell subpopulations and the activity of immune-related functions or pathways with ssGSEA. The difference and correlation analyses revealed that the high-PD-L2 expression group was associated with more tumor-infiltrating immune cells, including CD8+ T cells, CD4+ T cells, B cells, macrophages, neutrophils, dendritic cells, regulatory T cells (Tregs), MDSCs, and natural killer T cells (NKT) (Figures 5B, C and Supplementary Figure 3). Additionally, the analysis by the TIMER database showed that PD-L2 expression was negatively correlated with tumor purity and positively associated with the infiltrating levels of B cells, CD8+T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells (Supplementary Figure 4). Furthermore, immune-related functions or pathways such as antigen-presenting cell (APC) co-inhibition, APC co-stimulation, chemokine receptor (CCR), Check-point, cytolytic activity, human leukocyte antigen (HLA), inflammation-promoting, MHC class I, para-inflammation, T-cell co-inhibition, T-cell co-stimulation, and type I and II interferon responses were associated with significantly higher ssGSEA scores in the high-PD-L2 expression group (P < 0.05, Figure 5D). Notably, we got similar results in the validation set, the results from the CGGA cohort also indicated that PD-L2 played a major role in immune cell infiltration in the tumor immune microenvironment of gliomas (Supplementary Figures 5, 6).




Figure 5 | The association of PD-L2 with the tumor immune microenvironment and immune status in the TCGA cohort. (A) PD-L2 was positively correlated with the stroma score, immune score, and ESTIMATE score, as well as negatively correlated with tumor purity in the TCGA cohort. (B) The abundance of tumor-infiltrating immune cells in the high-PD-L2 and low-PD-L2 expression groups. (C) Pearson correlation analysis ofPD-L2 expression and immune cell infiltration. (D) The immune pathway functions between the high- and low- expression patients. ***P<0.001.



Our results have demonstrated that PD-L2 expression was found to be positively associated with macrophages in patients with LGGs in the TCGA (r = 0.59, P < 0.05) and CGGA cohorts (r = 0.69, P < 0.05) (Supplementary Figures 3, 6) and the TIMER database’s correlation analysis showed that PD-L2 was substantially associated with macrophage (r = 0.753, P < 0.05) (Supplementary Figure 4). In consistence with the findings described above, PD-L2 was more positively correlated with macrophages (Supplementary Figure 7). Therefore, we detected the expression of CD68 in glioma and normal brain tissues using IHC staining to further explore the relationship between PD-L2 and CD68. IHC staining results showed that the CD68 expression was observed in normal brain tissues with weak staining, while moderate or strong CD68 staining was detected in LGGs tissues (WHO II and WHO III) in almost all cases (Figure 6A). Furthermore, correlation analysis revealed a positive connection between PD-L2 and CD68 (r = 0.59, P 0.05) in glioma specimens (Figure 6B), which was comparable with the results of correlation analysis in the TCGA and CGGA cohorts (Figures 6C, D). Taken together, our findings confirmed the positive correlation between PD-L2 levels and the abundance of macrophage infiltration in LGGs.




Figure 6 | Correlation between PD-L2 expression and macrophages marker (CD68 expression) in gliomas. (A) Representative images of immunohistochemical (IHC) staining of CD68 protein in glioma tissues and normal brain tissue (×100 and ×400). (B–D) PD-L2 expression was significantly associated with macrophages marker (CD68 expression) in glioma specimens (B), TCGA database (C), and CGGA database (D).





Functional Annotation and Pathway Enrichment of PD-L2

To further investigate the underlying immune-related biological processes and tumor-related pathways associated with the expression of PD-L2, we performed the KEGG, GOBP, and hallmark pathways enrichment analysis in the TCGA cohort. The findings revealed that the high-PD-L2 expression group was considerably enriched in several biological processes, including that for cytokine-cytokine receptor interaction, response to interferon−gamma, inflammatory response, angiogenesis, chemokine production, apoptosis, hypoxia, interleukin (IL)-6, and IL-8 production. Moreover, tumor-related pathways such as JAK/STAT signaling pathway, Toll-like receptor signaling pathway, PI3K/AKT/mTOR signaling, TGF-beta signaling, IL-2-STAT5 signaling pathway, IL-6-JAK-STAT3 signaling pathway, P53 pathway signaling, TNFA signaling via NFKB were found to be enriched in the high-PD-L2 expression group (Figures 7A-C).




Figure 7 | Gene Set Variation Analysis (GSVA) of biological processes and tumor-related pathways associated with the expression of PD-L2 in the TCGA cohort. Top 20 significant Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways (A), Gene Ontology (GO) biological processes (B), and hallmark pathways (C) identified by GSVA analysis. GSVA, Gene Set Variation Analysis; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.





Prediction of Therapeutic Sensitivity to Immunotherapy and TMZ-Based Chemotherapy

Subsequently, to predict the potential chemosensitivity of temozolomide (TMZ) in LGGs, the relationship between PD-L2 expression and TMZ-based chemotherapy was explored and the results revealed a substantial positive correlation between PD-L2 expression and TMZ-based chemotherapy (r = 0.54, P < 0.05) (Figure 8A). Additionally, patients in the low-expression group showed a more sensitive response to TMZ-based chemotherapy based on the estimated IC50 (P < 0.05, Figure 8B). In consideration of the importance of ICIs in immunotherapy, the immunophenogram was then used to predict the response to anti-PD-1/PD-L1 therapy. We discovered that the high-PD-L2 expression group had significantly higher IPS than the low-PD-L2 expression group in the CTLA4 positive + PD-1 positive, CTLA4 positive + PD-1 negative, and CTLA4 negative + PD-1 positive types (P< 0.05) (Figure 8C). These findings suggested that patients with high levels of PD-L2 expression were more likely to respond well to anti-PD-1/PD-L1 therapy or a combination of anti-PD-1/PD-L1 and anti-CTLA-4 therapy, suggesting that PD-L2 had good potential in predicting ICIs response and may benefit from immunotherapies. Conclusively, PD-L2 could contribute to the selection of optimal immunotherapy and chemotherapy strategy in glioma patients.




Figure 8 | Therapeutic sensitivity prediction to immunotherapy and TMZ-based chemotherapy in the TCGA cohort. (A) PD-L2 was significantly positively correlated with the TMZ-based chemotherapy. (B) The low-PD-L2 expression patients showed a more sensitive response to TMZ-based chemotherapy based on the estimated IC50. (C) Patients with high PD-L2 expression had higher immunophenoscores (IPS) in three subgroups: CTLA-4 positive PD-1 positive, CTLA-4 negative PD-1 positive, and CTLA-4 positive PD-1 negative. TMZ, temozolomide; IC50, half-maximal inhibitory concentration; IPS, immunophenoscore.






Discussion

Patients with LGGs have a more favorable prognosis than those with GBM, but many advances to higher-grade gliomas, resulting in recurrence and poor survival, posing a therapeutic challenge to physicians (37–39).Despite standard treatment of maximally safe surgical resection followed by radiotherapy and adjuvant chemotherapy with temozolomide, the prognosis of glioma, particularly glioblastoma, remains poor and almost all patients relapse inevitably (40, 41). Identifying new prognostic markers of LGGs at an early stage of the tumor, thus, can successfully predict and enhance the clinical prognosis of glioma patients. A previous study showed that PD-L2 was found to be able to predict the poor prognosis of glioma patients (42, 43). However, the specific role of PD-L2 in LGGs and their therapeutic sensitivity to immunotherapy and TMZ-based chemotherapy have not been reported, and few studies have been performed to explore the relationship between PD-L2 and TIICs in the LGGs tumor immune microenvironment (TIME). In this study, we discovered that PD-L2 is elevated in LGGs samples and is substantially associated with a poor prognosis in glioma patients in the CGGA and TCGA cohorts. Univariate and multivariate Cox regression analysis confirmed that high PD-L2 expression was found to be an independent prognostic factor of patients with LGGs. Additionally, we established a nomogram that integrates PD-L2 with clinicopathological factors (age, grade, and IDH mutation status) and discovered that it performs exceptionally well in predicting 1-, 3-, and 5-year OS in glioma patients.

The role of tumor immune microenvironment in the occurrence, development, invasion, and drug-resistance of gliomas is becoming increasingly recognized (44, 45), with numerous published studies demonstrating that tumor-infiltrating immune cells (TIICs) play a critical role in the tumorigenesis, invasion, metastasis, diagnosis, treatment, and prognosis of gliomas (46–48). In our study, PD-L2 expression was found to positively correlate with the immune score, stromal score, and ESTIMATE score, as well as negatively correlate with tumor purity, indicating that high PD-L2 expression was positively correlated with immune infiltration in LGGs. Numerous studies have previously described that the role of tumor-infiltrating immune cells in various cancers is increasingly being viewed as a critical factor driving or mediating tumor progression and influencing therapeutic outcomes and patient prognosis (49, 50).Unlike a previous study (42), we further investigate the correlation between PD-L2 and TIICs via GSVA analysis and the online website TIMER. Notably, our results revealed that PD-L2 is closely associated with TIICs infiltration in LGGs, especially macrophages, which can be validated by the analysis of the online website TIMER.

Tumor-associated macrophages (TAMs), which play a significant role in carcinogenesis, progression, metastasis, invasion, immunosuppression, angiogenesis, and the immune response to cancer, have been linked to treatment failure and poor prognosis in LGGs patients in several recent studies. Multiple recent studies have shown that TAMs, which play an important role in tumorigenesis, progression, metastasis, invasion, immunosuppression, angiogenesis, and immune response to cancer, are linked to treatment failure and poor prognosis in LGGs patients (51, 52). Our immune cell correlation analysis revealed that PD-L2 was positively associated with macrophages in the TCGA and CGGA cohorts (r = 0.59, r = 0.69, respectively, P < 0.05). Our immunohistochemistry results are in accordance with a previous study that CD68 expression in lower-grade glioma tissues (LGGs, WHO II and WHO III) was significantly higher than the expression in normal brain tissues. Further analysis demonstrated PD-L2 expression was significantly positively correlated with macrophage infiltration in our glioma samples (r = 0.59, P < 0.05). Additionally, several lines of evidence indicate that a high TAMs infiltration, especially M2 macrophages, are closely associated with poor clinical outcomes in a wide variety of tumors and are now being recognized as potential biomarkers for diagnosis and prognosis of malignant tumors, as well as an attractive therapeutic target in cancer therapy (53–56). Chanmee et al. have reported that achieving TAMs-targeting cancer therapy by changing its polarization from M2 macrophages to M1 macrophages, inhibiting macrophage recruitment, and inhibiting the survival of TAMs, can enhance the response to treatment (57, 58).Therefore, targeting the tumor immune checkpoints and macrophages targeting may be a novel strategy for effective cancer treatments.

Immunotherapy is thought to be one of the most promising glioma treatments (59). Emerging evidence has indicated that immune checkpoint blockade (ICB) therapies such as anti-programmed death 1 (PD-1), ant-programmed cell death-ligand 1 (PD-L1) and anti-cytotoxic T lymphocyte-associated protein 4 (CTLA-4) have emerged as a promising approach as anti-cancer immunotherapy, dramatically changing treatment in solid tumors (60–62). However, the majority of patients still showed adaptive resistance with a low response rate in most cancers, especially for tumors with a low mutational burden (63–65). As a result, to improve the clinical prognosis of cancer patients, we must investigate new targets and predict the therapeutic sensitivity of immune checkpoint inhibitors (ICIs). Here, our study indicated that patients with high expression of PD-L2 are associated with a high response rate to treatment by ICIs, suggesting that PD-L2 had good potential in predicting ICIs response and high expression of PD-L2 may more likely to yield considerable clinical benefit from immunotherapy. So far, temozolomide (TMZ), a DNA alkylating agent, has become the first-line chemotherapy for the treatment of glioma, and resistance to it posed a major challenge (66–68). Therefore, it is crucial to investigate promising and reliable biomarkers for glioma therapy that can predict potential the chemosensitivity of TMZ-based chemotherapy. We discovered that patients with a low-PD-L2 expression group exhibited a more sensitive response to TMZ-based chemotherapy based on the estimated IC50, suggesting that patients with low PD-L2 were more likely to benefit from TMZ-based chemotherapy in LGGs. Combining the therapeutic sensitivity to immunotherapy and TMZ-based chemotherapy, patients with high PD-L2 may benefit from immunotherapy, whereas patients with low PD-L2 may benefit from TMZ-based chemotherapy, which implies the possible values of PD-L2 for selecting an optimal therapeutic strategy. These findings, however, will need to be further verified in the future.

Nevertheless, there are still some limitations to the present study. Firstly, we should consider the effect of tissue heterogeneity on prognostic assessments. Secondly, although we found that PD-L2 was associated with macrophage infiltration in the IHC analysis, the potential biological mechanism and pathway of PD-L2 promoting macrophage infiltration in the glioma immune microenvironment needed to be further validated using in-vivo or in-vitro experiments. Thus, we will expand the sample size and collect more complete clinical samples for further verification in our future study. Thirdly, the present findings may be the basis for further studies to validate the outcomes, such as we can further explore the development of single-cell sequencing in glioma to provide a stronger predictive value to a large extent.



Conclusion

In conclusion, our study demonstrates that PD-L2 is overexpressed in glioma tissues and is associated with a poor prognosis. Moreover, PD-L2 overexpression correlates with immune cell infiltration, especially macrophages. The relationship between PD-L2 and the tumor immune microenvironment, as well as therapeutic sensitivity to immunotherapy and TMZ-based chemotherapy in LGGs, has never been investigated before. More importantly, PD-L2 may be a promising predictive biomarker that contributes to the selection of optimal individualized therapeutic strategy by predicting therapeutic sensitivity to immunotherapy and TMZ-based chemotherapy for future studies of patients with LGGs.
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Glioma is a highly malignant brain tumor with a poor survival rate. The involvement of fatty acid metabolism in glioma was examined to find viable treatment options. The information was gathered from the Cancer Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA) databases. A prognostic signature containing fatty acid metabolism-dependent genes (FAMDs) was developed to predict glioma outcome by multivariate and most minor absolute shrinkage and selection operator (LASSO) regression analyses. In the TCGA cohort, individuals with a good score had a worse prognosis than those with a poor score, validated in the CGGA cohort. According to further research by “pRRophetic” R package, higher-risk individuals were more susceptible to crizotinib. According to a complete study of the connection between the predictive risk rating model and tumor microenvironment (TME) features, high-risk individuals were eligible for activating the immune cell-associated receptor pathway. We also discovered that anti-PD-1/PD-L1 and anti-CTLA4 immunotherapy are more effective in high-risk individuals. Furthermore, we demonstrated that CCNA2 promotes glioma proliferation, migration, and invasion and regulates macrophage polarization. Therefore, examining the fatty acid metabolism pathway aids our understanding of TME invasion properties, allowing us to develop more effective immunotherapies for glioma.




Keywords: fatty acid metabolism, tumor microenvironment, prognosis, signature, glioma





Graphical Abstract | 




Introduction

Glioma is the most prevalent type of primary brain tumor and accounts for almost 80% of the central nervous system (CNS) malignancies (1). Although there are mounting options for treating glioma, mainly comprising surgery, chemotherapy, and immunotherapy, the prognosis is still not ideal, with a median survival of 8 months for glioma patients by CBTRUS data (2). At present, glioma patients’ treatment options mainly depend on WHO classification (WHO I-IV) (3, 4), as well as molecular subtypes, like IDH mutations, 1p19q deletion status, and MGMT methylation (5–7). Nevertheless, there are still significant differences in drug resistance, recurrence rates, and survival times for glioma patients with the same subtype. Available biomarkers cannot provide glioma patients a personalized treatment and optimal survival time. Therefore, identifying novel targets for the glioma therapy approach and prognostic assessment is warranted.

Different from normal cells, cancer cells have distinct metabolic features. When the carcinogenic signal is inhibited, they cope with unfavorable microenvironments by changing their metabolism to preserve cancer cell proliferation and survival (8–10). With a deep understanding of tumor biology and the complexity of tumor metabolism, modern metabolic reprogramming is a sign of a malignant tumor. Cancer cells and tumors have a lot of metabolic variabilities compared to normal tissues, but essentially little metabolic activity is unique to tumors. And there is metabolic heterogeneity between different tumors (11, 12), which leads to the difference in the efficacy of metabolic drugs in other tumors. Metabolic characterization and metabolic reliance change as cancer progress from premalignant lesions to regional invasion and metastasis (13, 14). In recent years, the link between fatty acid metabolism and tumor development has been a popular topic. Fatty acid metabolism is critical for tumor cell proliferation and spread. In terms of synthesis, fatty acids can participate in the structural synthesis of phospholipids on the cancer cell membrane and the transduction of necessary signals (such as PI3K/Akt/mTOR) (15, 16). In terms of decomposition, cancer cells mainly use fatty acids β- ATP produced by oxidation to maintain the required energy, and nicotinamide adenine dinucleotide phosphate (NADPH) is used to maintain the redox balance in the body (17). Increased lipolysis and fatty acid production induced by the activated nuclear factors-B (NF-B) signal has been demonstrated to cause lymph node metastases in cervical cancer patients (18). Through remodeling, active fatty acid oxidation may help AML cells survive and bone marrow adipocytes lipolyze (19). Furthermore, the expression pattern of genes involved in fatty acid metabolism is linked to the degree of malignancy, prognosis, and immunophenotype of glioma (20). The function of fatty acid metabolic features in the therapeutic therapy of gliomas, on the other hand, has not been well investigated.

The genetic information of glioma samples was analyzed using two databases to thoroughly estimate the fatty acid metabolism model and create the dependent predictive risk score model. And the survival result of glioma patients was independently predicted using the constructed scoring model. The relationship between the TME cell infiltration characteristics and the prediction risk rating model was also looked into. The predictive risk score approach correctly identifies glioma patients who are immunotherapy candidates, indicating that maybe fatty acid metabolism would be an essential individual TME feature for glioma development. These findings bring up new research pathways into the metabolic process of glioma and its treatment (Graphic Abstract, Figure 1 Flowchart).




Figure 1 | Flowchart.





Materials and Methods


Downloading and Analyzing Data

TCGA database (https://portal.gdc.cancer.gov/) was applied to retrieve raw RNA sequencing (RNA-seq) data profiles for 701 glioma tissue samples. The TCGA database also yielded clinical information on 668 glioma samples, including age, gender, grade, and prognostic factors. CGGA database (http://www.cgga.org.cn/index.jsp) was used to retrieve the mRNA sequencing data of 1018 glioma samples. Since glioma has no normal tissue data in TCGA, to analyze differential gene expression, we combined 1152 cases of normal brain tissue in the GTEx (https://xenabrowser.net/datapages/) database. Using the annotation platform, the Ensembl Gene IDs were transformed into matching gene symbols. The mean value was used if more than one probe targeted the same Entrez Gene ID. In addition, clinical data for each CGGA sample was retrieved from the CGGA database (21). The GTEx and TCGA databases were transformed into log2 (FPKM+1), and the CGGA database was transformed into log2 (RNA-seq+1). Previous research found 309 genes involved in fatty acid metabolism (22–24). In TCGA cohorts, 191 candidate genes were chosen among these genes.



Enrichment Analysis of DEGs

Fatty acid metabolism-dependent DEGs in normal and tumor tissues were used to evaluate the R package “limma”. Statistical significance was assigned to genes with an FDR of less than 0.05. To validate the key biological properties and cellular functional pathways connected to fatty acids, “cluster profile” software was used to conduct a GO and KEGG enrichment analysis of differential genes. P < 0.05 is considered as statistical significance. To show the enrichment analysis findings, we utilized the R software packages “enrich plot” and “ggplot2”.



Construction of Risk Prediction Model of Fatty Acid Related Genes

We firstly classified the TCGA dataset into a training group and a testing group according to 2:1, while CGGA was used as another validation set. To begin, the expression levels of DEGs associated with fatty acid metabolism were compared to the prognosis findings for each sample. The genes associated with prognosis were selected from the DEGs linked to fatty acid metabolism using univariate and multivariate cox regression methods in the TCGA cohort. Genes having a P value of less than 0.001 were chosen. The mutation and gene association in tumor samples from the training set were analyzed using the R software package “maftools”. The prognosis-related genes were further processed utilizing the “glmnet” R software package, and the prognosis risk score model of glioma OS was constructed using LASSO. The penalty parameter (λ) of the model was determined by ten cross verifications. The risk score for every sample is generated by the method below.

	

“ExpGene” is the transcriptomic value from the predictive risk score model, and “Coef” is the non-zero regression coefficient obtained utilizing LASSO. All samples were separated into two subgroups based on the median value of risk scores: low- and high-risk groups. To examine OS variations between high- and low-score subgroups, Kaplan-Meier (K-M) and the log-rank procedure were performed. The ROC curve was drawn using the R software package “survivalROC” to analyze the predictive risk score model's prediction accuracy. Finally, we checked the test set to see whether the predictive risk score model was reliable.



PCA of Risk Score Model

We used the limma software package for principal component analysis (PCA) of gene expression to understand the significant differences between the two groups. We first analyzed the face of all DEGs related to fatty acid metabolism by PCA. After that, the gene expression in the predictive risk rating model was analyzed by principal component analysis. Finally, the PCA results are presented on the two-dimensional graph using the “ggplot2” software package.



The Link Between Risk Ratings and Clinical Characteristics

According to the sample ID, the value of every sample was blended with the associated clinical features. Limma R software tool was adopted to investigate the association between risk scores and clinical data. The TCGA database was also employed to collect the expression levels of immunological checkpoints (symbolized by PD-1/PD-L1 and CTLA4). Immunological checkpoint levels in the two subgroups were then investigated. Simultaneously, clinical data on glioma in the CGGA cohort was gathered to establish the association between clinical factors and risk scores. According to clinical characteristics, the data were separated into two subgroups, and the differences in risk scores were examined. To assess the two groups, the Kruskal Wallis (K-W) method was utilized. A p value of < 0.05 was defined as statistical significance.



Assessment of Immune Characteristics Between Two Subgroups

Gsva is an unsupervised, nonparametric approach for evaluating route modifications or biological processes using expression matrix samples. The “gsva” R program was employed to assess the differences in biological processes between the lower and higher subgroups. As a reference gene set, we used the “C2. Cp. kegg. V7.4. Symbol” gene set from the molecular feature database (https://www.gsea-msigdb.org/gsea/msigdb). A statistically meaningful enrichment route is one with an FDR of less than 0.05. To calculate the IC50 of temozolomide within every sample, the pRRophetic R program was utilized. The IC50 value represents a substance’s ability to block certain biological or metabolic activities. To estimate the degree of immune-related infiltration in each patient in the TCGA set, ssGSEA was calculated by “GSEABase” and GSVA R packages (25). The data sets were gathered for the prior study’s assessment of immune-related aspects in TME (Table S1). The ssGSEA algorithm’s enrichment index reflected the degree to which each immune-related trait was expressed in each sample. The differences in enrichment scores between the lower and higher subgroups were analyzed. The relationship between prognosis-related genes and immune cells was indeed investigated. Finally, in the two risk score subgroups, TIDE was utilized to predict immune checkpoint reaction inhibitors of PD-1 and CTLA-4 (26).



Construct Nomogram

Nomogram of gender, age, grade, histological type, IDH1 mutation status, pq status, MGMT status, and predictive risk score model was built according to the TCGA cohort, utilizing the “RMS” software package in R to predict the OS of the glioma. To forecast the nomogram’s accuracy, a time-dependent calibration curve was created. Furthermore, a multivariate Cox regression analysis was done to see if a predictive model can be employed as an independent predictor of OS in glioma patients. The AUC was then determined using a ROC curve to confirm the nomogram’s predictive value.



Analysis of Survival-Related Hub Genes According to the Prediction Model

First, the limma R software program was used to compare the data of two subgroups to identify DEGs, which were defined as genes with an adjusted p-value < 0.05. Based on the string database (https://string-db.org/; version: 11.0), data from the PPI network with interaction scores > 0.40 (median confidence) were produced (Table S2). Then, to further analyze and show PPI network data, utilize Cytoscape software (version 3.9.1). Cytohubba is a Cytoscape plug-in that uses a topological technique to find the center gene among all DEGs. Then, the deferentially expressed genes were gathered in normal brain tissue and glioma tissue. The clusterprofiler software tool was employed to do a Go and KEGG enrichment analysis of genes. Finally, a gene from the hub gene was chosen for model validation, and all samples were separated into two subgroups according to this gene’s expression: low expression and high expression. To see whether there was a variation in survival between the two subgroups, Kaplan Meier analysis was utilized. This gene was then investigated for immune cell infiltration.



Cell Culture and Transfection

The glioma cells (LN229, T98G, U251, U87, and U118) and the normal control cell NHA were cultured in DMEM with 10% FBS at 37°C in a 5% CO2 incubator. The logarithmic phase cells were chosen for the following functional studies. For CCNA2 knockdown or overexpression, glioma cells were transfected with plasmid si-CCNA2 or CCNA2-cDNA utilizing Lipofectamine® 3000 transfection reagent, following the manufacturer’s manual.



Macrophage Polarization and Co-Culture

To obtain M0 macrophages, THP-1 cells were firstly induced by 320 NM PMA for 24h; To polarize M0 to M2 macrophages, cells were then treated with 20ng/ml IL-4 and 20ng/ml IL-13 for 48h. M0 macrophages were put into upper wells for cell co-culture, and U251-NC and U251-shCCNA2 cells were seeded into the bottom well. Macrophages were then collected and labeled with M1- and M2-like markers to identify the polarization features.



qRT-PCR

Total RNA was extracted from cells utilizing Trizol reagent (Invitrogen, America), then cDNAs were created using the HiScript Synthesis kit (Vazyme, China). Subsequently, the PCR mixture consisted of cDNA, ddH2O, primer, and SYBR Green Master Mix. Finally, qRT-PCR amplification was measured on the StepOnePlus Real-Time PCR system (Applied Biosystems, US). Primers were as follows: CCNA2, forward-5’- TGG AAA GCA AAC AGT AAA CAG CC-3’, reverse-5’- GGG CAT CTT CAC GCT CTA TTT-3’; iNOS, forward-5’- TCA TCC GCT ATG CTG GCT AC-3’, reverse-5’- CCC GAA ACC ACT CGT ATT TGG-3’, TNF-α, forward-5’-GAG GCC AAG CCC TGG TAT G-3’, reverse-5’-CGG GCC GAT TGA TCT CAG C-3’; IL-1β, forward-5’- GAA ATG CCA CCT TTT GAC AGT G-3’, reverse-5’-TGG ATG CTC TCA TCA GGA CAG-3’, CD206, forward-5’- CTA CAA GGG ATC GGG TTT ATG GA-3’, reverse-5’-TTG GCA TTG CCT AGT AGC GTA-3’, Arg1, forward-5’- TTG GGT GGA TGC TCA CAC TG-3’, reverse-5’-GTA CAC GAT GTC TTT GGC AGA-3’; YM1/2, forward-5’-TCA GCA GGT TCC CTA CGC A-3’, reverse-5’-GCA GGA TTT GCC AGT GAA GTC-3’.



Western Blot

The western blot procedure was conducted as described previously (27). Primary antibodies in this study included iNOS (1:1000, Proteintech), CD206 (1:1000, Proteintech), β-Actin (1:1000, Bioss).



Flow Cytometry

To examine the polarization of macrophages, M0 macrophages were collected, fixed, then incubated with F4/80-FITC, iNOS-APC, and CD206-PE for 30 min at four °C, based on the manufacturer’s instructions. Cells were determined using a flow cytometer (Cytoflex, USA), and the data were analyzed using FlowJoTM software (Version 10.7.1).



CCK-8 and Clone Assay

CCK-8 and plate colony assays were utilized to examine the glioma cells’ proliferation capacity. The CCK8 kit (Beyotime, China) was used to quantify cell growth at 0h, 24h, 48h, 72h, and 96h by the manufacturer’s protocol. Absorbance at 450 nm was determined on enzyme labeling (Thermo, USA). For the cloning test, about 500 cells from various groups were placed in each well of a six-well plate. Once colonies appeared, 4% paraformaldehyde and crystal violet were employed to stain and fix cells.



Transwell Invasion Assay

After si-CCNA2 and CCNA2-cDNA transfection, 5×104 glioma cells were placed into the upper chambers of Transwell in an empty DMEM medium, which was pre-coated with Matrigel (Biosciences, USA), while the lower chamber was filled with DMEM containing 10% FBS. For macrophage migration assay, M2 macrophage was placed on upper chambers, and glioma cells were added to the lower chamber. After 24 hours, the invasive cells were fixed with 4% formalin, then stained with 0.1% crystal violet. The stained cells were visualized and counted in an inverted microscope.



Subcutaneous Xenograft Assay

Nanjing medical university animal care and use committee and followed guidelines for animal welfare. Four-week-old BALB/c male nude mice were used to construct the xenograft model, which randomly classified into two groups. The glioma cells infected with siCCNA2 or control were subcutaneously embedded in nude mice, respectively. Tumor volumes were measured every one week. After one month, mice were euthanatized, and subcutaneous tumors were removed. Tumor weight and pictures were finally recorded.



Statistical Analysis

To assess the differences between poor and good score subgroups, the Wilcoxon rank sum test was utilized. The variation in OS between the good and poor subgroups was determined using Kaplan Meier analysis. The independent determinants of OS in glioma were determined using the Cox regression procedure. The predictive efficacy of the nomogram, clinical factors, and predictive risk score model was evaluated using a ROC curve. R 4.0.4 was used to conduct all statistical analyses (P < 0.05).




Results


Differential Expression Analysis Between Normal and Glioma Samples

We analyzed the transcriptional activity of FAMDs in tumor and normal samples and identified 191 genes in TCGA datasets with an FDR < 0.05. It comprises 95 down-regulated genes and 96 genes that have been up-regulated (Figure S1A). Then, to double-check, we performed KEGG and GO enrichment analysis. Fatty acid metabolism, catabolism, and other activities have been discovered to be substantially abundant in biological processes (Figure S1B). KEGG terms for fatty acid breakdown, metabolism, and biosynthesis are abundant (Figure S1C).



Establishment of the Prognostic Model in the Training Set

Glioma patients in the TCGA database were randomly divided into a training cohort and a testing cohort at a 2:1 ratio, we used the training set to construct a prognostic model. On 191 FAMDs, a Univariate Cox regression analysis was conducted. With a p value of 0.001, a total of 133 genes associated with prognosis were discovered (Table S3). The somatic mutation profile of the 18 genes involved in fatty acid metabolism that have been linked to prognosis was first summarized. As indicated in Figure 2A, a total of 477 of 984 glioma samples had mutations in FAMDs, with a prevalence of 48.48 percent. IDH1 has the most mutations. Further research revealed that ACACB and TBXAS1 had a mutation co-occurrence association (Figures 2B–D). The number of genes was then reduced using the LASSO Cox regression analysis. Finally, ten genes were employed to create a predictive risk score model (ACO2, PTGR1, GPD1, HCCS, ABCD1, RETSAT, SMS, CA2, ELOVL5, and SCD) (Figures 2E, 2F). The following formula was used to compute every sample’s score: risk score = (-0.362) × ACO2 + (0.246) × PTGR1 + (0.127) × GPD1 + (0.411) ×HCCS + (0.241) × ABCD1 + (0.326) × RETSAT + (0.338) × SMS + (0.202) × CA2 + (0.256) × ELOVL5 + (-0.429) × SCD. Table S4 shows how this was accomplished. To fully differentiate glioma samples, the risk score model was applied (Figures 2G, 2H)




Figure 2 | Predictive risk score model development. (A) The frequency of mutations in 18 FAMDs in 984 glioma patients from the TCGA cohort. (B) Mutation co-occurrence and selection analysis for 18 genes involved in fatty acid metabolism. Green denotes co-occurrence; purple denotes exclusion. (C) Locations of CNV alterations in FAMDs on 23 chromosomes. (D) Frequencies of CNV gain, loss, and non-CNV among FAMDs. (E) LASSO coefficients for the FAMDs involved in fatty acid metabolism. (F) Gene discovery for the construction of a predictive risk score model. (G) Principal component analysis of FAMDs in glioma. (H) In the TCGA cohort, principal component analysis was used to identify cancers from standard samples using a fatty acid metabolism vulnerability index. High-risk patients were represented by the red group, whereas the blue group represented low-risk patients. *P<0.01, •P<0.05.



In the training set, patients were classified into the high- and low-risk group according to the median value. K-M curves showed that the high-risk group had a poor prognosis compared to low-risk patients (p < 0.05) (Figure 3A). The highest AUC value reached 0.898 for 1-year OS, and 0.932 for 3-year OS (Figure 3E). To better discern the survival differences between these two groups, we ranked all patients based on their risk scores, then plotted to scatter maps to describe each patient’s survival time and status (Figures 3B–D).




Figure 3 | Construction and validation of risk model in TCGA training, testing, entire cohort, and CGGA cohort. (A, F, K, P), (K–M) curves of subgroups for OS in TCGA training, testing, entire cohort, and CGGA cohort. The distribution plots of risk score (B, G, L, Q), survival status (C, H, M, R), and 10 selected FAMDs (D, I, N, S) in TCGA training, testing, entire cohort, and CGGA cohort. (E, J, O, T) ROC curve analysis of risk score in predicting 1-, 3-, and 5-year OS in TCGA training, testing, entire cohort, and CGGA cohort.





Validation of the Prognostic Model in the Testing Set, Entire TCGA and CGGA Set

To verify the robustness of this risk model, the predictive performance was determined in the testing set, entire TCGA and CGGA set. Similarly, patients in these cohorts were categorized into high- and low-risk groups, according to the cut-off value achieved in the training cohort. There were 116 high-risk patients, 84 low-risk patients in the testing set, and 350 high-risk patients, 318 low-risk patients in the entire TCGA set, and 615 high-risk patients, 313 low-risk patients in the CGGA set.

K-M curves indicated that high-risk individuals in these cohorts had a shorter OS than the low-risk group (p < 0.05) (Figures 3F, K, P). The AUC for predictive OS was 0.812 at 1 year, 0.949 at 3 years in the testing cohort, 0.871 at 1 year, 0.936 at 3 years in the entire TCGA cohort, 0.768 at 1 year, 0.829 at 3 years in the CGGA cohort (Figures 3J, O, T). Also, we graded respectively different populations in these cohorts based on their risk score. The high-risk group exhibited a poor prognosis compared to low-risk patients, which was consistent with the findings in the training set (Figures 3G–I, L–N, Q–S).



The Connection Between the Risk Model and Clinical Information

To investigate the relationship between the risk model and clinical features, we determined the risk scores of related samples in terms of age, gender, grade, IDH1 mutation status, pq status, and MGMT status. Although there was no significant difference in risk score by gender, significant variations in risk score by age, grade, IDH1 mutation status, pq status, and MGMT status (p<0.05; Figures 4A–F). Higher scores were linked to being older, having higher grades, wild type IDH1 mutations, unmethylated MGMT status, and non-codel pq status. The accuracy of the prognostic risk model was validated by plotting a time-dependent ROC at 5 years (Figure 4G). Age, grade, IDH status, pq status, and risk score were predictive factors of OS in multivariate analysis among characteristics linked with OS in univariate analysis (Figure 4H).




Figure 4 | Prognostic value of the fatty acid metabolism score model in glioma patient survival. (A–F) The association between risk score and clinicopathological variables such as age (A), gender (B), grade (C), IDH1 status (D), MGMT promoter status (E), and pq status (F). (G) ROC curves are used to assess the predictive power of clinical characteristics. (H) The forest plot of the TCGA cohort’s multivariate Cox regression analysis. *p < 0.05; ***p < 0.001.





Construction of Survival-Prediction Nomogram

A nomogram comprising gender, age, grade, IDH1 mutation, MGMT status, pq status, and risk score was created to predict OS in glioma tissues (Figure 5A). Figure 5B shows calibration curves for patients with gliomas at 1, 3, and 5 years, demonstrating that nomograms may reliably predict OS in these patients. The nomogram (AUC = 0.774) has a stronger predictive value than a single indicator such age (AUC = 0.684), grade (AUC = 0.660), or the prognostic risk scoring model (AUC = 0.767; Figure 5C). The predictive risk score model and grade were shown to be independent prognostic factors in multivariate and univariate Cox regression analysis (Figures 5D, E).




Figure 5 | Prognostic efficacy of risk score in OS of patients from the TCGA cohort when combined with clinical-pathological features. (A) Nomogram indicates OS in the TCGA cohort of patients. (B) The nomogram’s calibration plots. The y-axis represents actual survival, whereas the x-axis represents nomogram-predicted survival. (C) Receiver operating characteristic charts for risk score and clinical features. (D, E) The nomogram’s univariate and multivariate Cox regression analyses. *p < 0.05; **p < 0.01; ***p < 0.001..





Response of Two Groups to Crizotinib

The association between risk level and medication resistance was examined since risk score is linked to poor prognosis. The “pRRophic” R package has been used to estimate the therapeutic efficacy of crizotinib in the TCGA cohort using the half maximal inhibitory concentration (IC50). For the management of glioma, samples with a low-risk score were more susceptible to crizotinib (Figures 6A, B). In TCGA data, there was a high association between chemotherapy drugs sensitivity and risk score at 3 years, according to PFS (progression-free survival) (Figure 6C). The elevated score was significantly closely linked with the intensive activation of matrix pathways, including epithelial mesenchymal transformation 1 (EMT1), angiogenesis, and Wnt targets, according to an analysis of the activity of matrix-related pathways leading to chemotherapy resistance (Figure 6D).




Figure 6 | A model of fatty acid metabolism in the context of chemotherapy. (A) The relationship between patient risk ratings and crizotinib’s projected IC50 value. (B)The disparities in crizotinib response between groups with poor and good risk scores. (C) The TCGA cohort’s progression-free survival (PFS) was compared between low- and high-risk score groups. (D) Variation in stroma-activated networks between groups with low and high-risk scores (**p < 0.01; ***p < 0.001).





GSVA

Gsva enrichment analysis showed that most metabolic pathways, including the biosynthetic metabolic pathway of unsaturated fatty acids, increased in the low-risk score. Genetic abdominal muscle analysis of high scoring population showed that it was related to immunity, such as primary immunodeficiency, natural killer cell mediated cytotoxicity, etc. (Figure 7A). The risk score was negatively connected with the fatty acid metabolism score, which was generated using ssGSEA, which examined the expression of fat metabolism-related genes in glioma patients and was consistent with GSVA (Figures S2A–C). Although the fat metabolic score could reliably predict the survival in patients at 5 years using a time-dependent ROC, the predictive value (AUC = 0.385) was poorer than the risk rating model (AUC = 0.880) (Figures S2D–E). In addition, we compared several mutant genes with high mutation frequency in glioma, TP53, ATRX, PTEN, and TTN. Patients with TP53 and ATRX mutations had higher risk scores and statistically significant differences (Figures 7B–E).




Figure 7 | GSVA analysis of elevated/low score groups diagram. (A) GSVA enrichment heatmap for excellent and poor score groups. (B–E) Varied mutant genes, namely ATRX mutation (B) PTEN mutation (C) TP53 mutation (D) and TTN mutation (E) have different fatty metabolism scores.





Characteristics of the Immune System in the High- and Low-Risk Groups

The high score group demonstrated an increasing trend in T cells CD8, macrophage M1, and macrophage M2 compared to the low score group, consistent with the high score group’s reduced survival rate. The group with the lowest ranking had a higher increase in monocytes and mast cells activated (Figure 8A). Furthermore, the high-risk group’s type I IFN response, type II IFN response, checkpoint, HLA, T cell co-inhibition, T cell co-stimulation, etc., were all activated, suggesting that patients with immune suppression in the high-risk group would react to immunotherapy (Figure 8B). The TCGA samples were additionally immunotype, and the elevated/low score groups had substantial variations in C3, C4, and C5 (Figures 8C, D). CTLA4 and PD-1 inhibition are two examples of immunotherapy that have achieved significant advances in cancer treatment. As a result, we looked at the predictive risk score model’s capacity to distinguish between individuals who react to immune checkpoint inhibitor treatment in various ways. The findings revealed that the projected risk score was highly connected with immune checkpoint gene expression (PD-1, PD-L1, and CTLA4) and that the expression was considerably higher in the high-risk group. This shows that our risk ratings for fatty acid metabolism might be relevant in determining immunotherapy prognosis (Figures 8E–J).




Figure 8 | Model of fatty acid metabolism in immunotherapy. (A) The difference in immune infiltration between high-risk and low-risk scores. (B) The difference between subjects with a high score and those with a poor rating in terms of the known function related to immune modulation. (C, D) The distribution of immunological subtypes (C3, C4, and C5) across risk groupings are shown in a heatmap and table. (E–G) Immune checkpoint transcriptional activation and hazard score, PD-L1(E), PD1(F), and CTLA3 correlation analysis (G). (H–J) The disparities between the low-risk and high-risk groups in terms of identified Immune checkpoint genes. *P<0.05, **P<0.01, ***P<0.001.





Verification of Prediction Model by the Hub Gene in DEGs of High- and Low-Risk Groups

The expression patterns of DEGs in the low- and high-risk groups were analyzed using the string online database. As illustrated in Figure S3, a protein interaction diagram of DEGs was created. PPI network data is processed and shown using the Cytoscape program. Figure 9A depicts the DEG interaction, with red indicating up-regulated transcripts in the excellent score group and green indicating up-regulated genes in the poor score group. Cytohubba is a Cytoscape plug-in that helps you find the core gene among DEGs. As seen in Figure 9B, we chose 10 genes from the network. To further understand the roles of DEGs, researchers used the R software tool “goplot” to conduct a Go and KEGG study. The genes are engaged in skeletal system development, extracellular matrix organization, extracellular structure organization, etc., according to GO findings. These genes were shown to be abundant in hematopoietic cell lineage, ECM-receptor interaction, cytokine-cytokine receptor interaction, etc., according to KEGG findings (Figure 9C). For verification, we used CCNA2 in the hub gene. The expression levels of CCNA2 were shown to be substantially linked with the mortality of glioma patients in a survival study (Figure 9D). Furthermore, CCNA2 expression increased with age and grade. However, in the IDH1 mutation, pq codel, MGMT methylated group, CCNA2 expression was dramatically reduced (Figures 9E–J). To see whether there is a difference in TME immune infiltration between individuals with high- and low– CCNA2 expression. Compared to patients with low transcription, tumors with high CCNA2 expression showed considerably higher macrophages M2 and M1 (Figure 9K).




Figure 9 | Protein-protein interaction (PPI) graph. (A) PPI network generated by Cytoscape (red): DEGs that exhibited strongly in the excellent score category; green: DEGs that showed highly in the low-risk score group. (B) The top ten hub genes were chosen by cytoHubba. (C) The findings of GO and KEGG enrichment analysis on DEGs. (D) Mortality analysis for patients divided into subgroups based on CCNA2 mRNA expression. (E-J) The difference in CCNA2 mRNA expression between various clinical characteristics, such as age (E), gender (F), grade (G), IDH1 mutation (H), MGMT promoter status (I), and pq status (J, K) In subjects with elevated/low CCNB1 mRNA expression, the number of TME-infiltrating cells. *p < 0.05; **p < 0.01; ***p < 0.001.





CCNA2 Promoted Malignant Glioma Progression In Vitro, and Vivo

To further validate the role of CCNA2 in glioma, we assessed if changes in CCNA2 expression affect glioma cell proliferation and malignant abilities. We first detected the expression of CCNA2 in different cells by qRT-PCR and found that CCNA2 mRNA levels were significantly high in LN229, T98G, U251, U87, and U118 cells compared to NHA (Figure 10A). We chose U251 for si‐CCNA2 and U87 for CCNA2 cDNA transfections. The results indicated that CCNA2 shRNA reduced CCNA2 expression in U251 cells, whereas CCNA2 cDNA up‐regulated CCNA2 expression in U87 cells (Figure 10B). The CCK-8 (Figures 10C, D) and colony formation (Figure 10E) results demonstrated that down‐regulation of CCNA2 expression inhibited U251 cell proliferation, whereas up‐regulation of CCNA2 expression promoted tumor U87 cell proliferation. In transwell assay, suppressing CCNA2 expression significantly resulted in a reduction of invaded U251 cells, whilst upregulating CCNA2 expression significantly expanded the amount of invaded U87 cells (Figure 10F). Moreover, the animal experiment suggested that CCNA2 knockdown suppressed glioma growth in vivo, while CCNA2 overexpression promoted tumor growth (Figures 10G–I). These results indicated that CCNA2 facilitated in vitro and in vivo proliferation, migration, and invasion of glioma cells.




Figure 10 | CCNA2 promoted glioma cell proliferation and migration. (A) qRT-PCR of CCNA2 mRNA expression in NHA and glioma cells. (B) qRT-PCR of CCNA2 levels in U251 and U87 cells transfected with si-CCNA2 and CCNA2-cDNA. (C, D) CCK-8 of the cell growth curve in transfected U251 and U87 cells. (E) Colony assay in transfected U251 and U87 cells. (F) Transwell invasion test in transfected U251 and U87 cells. (G) Representative images of subcutaneous xenograft tumors implanted with U251-siCCNA2 and U87-CCNA2 cells. (H, I) Tumor volume and tumor weight of indicated xenograft models. *P< 0.05, **P < 0.01, ***P < 0.001.





CCNA2 Regulated Macrophages Polarization

To further examine the relationship between CCNA2 and macrophage polarization in vitro, we chose U251 cells for further study. U251 cells were transfected with shCtrl and shCCNA2, then co-cultured with macrophages. The result of qRT-PCR showed that the macrophages co-cultured with U251-siCCNA2 had higher M1-like markers iNOS, TNF-α, and IL-1β (Figure 11A), while having lower M2-like markers CD206, Arg1 and YM1/2 compared with controls (Figure 11B). Western blot and flow cytometry showed that knockdown of CCNA2 significantly inhibited the shift to M2 macrophages compared with the NC group (Figures 11C–F). IHC staining indicated that CCNA2 expression and M2 macrophage marker CD206 were stronger in GBM than usual (Figure 11G). Transwell assay showed that silencing CCNA2 in U251 cells significantly decreased the M2 macrophage infiltration (Figures 11H, I). The results showed that CCNA2 regulated the polarization of macrophages.




Figure 11 | Effect of CCNA2 on macrophage polarization. (A, B) mRNA expression levels of M1-like and M2-like markers of macrophages after co-cultured with U251-siCCNA2 cells and controls. (C, D) Protein levels of iNOS and CD206 of macrophages after co-cultured with transfected cells. (E, F) Flow cytometry analysis of iNOS and CD206 expression in indicated groups. (G) Representative IHC images of CCNA2 and M2-like marker Arg1 in normal brain and glioma tissues from the HPA database. (H, I) M2 macrophage infiltration after co-cultured with indicated cells. *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

For a long time, people have been considering the metabolic conversion of cancer cells from the perspective of how and why cancer cells give priority to the use of glucose through aerobic glycolysis (the so-called Warburg effect). In the past few years, we have made great progress in understanding the newly connected metabolic networks intertwined with carcinogenic signals of cancer cells. Among these metabolic reprogramming theories, the deregulation of lipid metabolism is considered one of the primary metabolic markers of tumor cells (28). Aside from aberrant glucose metabolism, cancer cells’ lipid, nucleic acid, and amino acid metabolism will vary (29). It has been discovered that lipid initiating changes plays a crucial role in membrane synthesis, signal transduction, and energy production of cancer cells (30). Most research now concentrates on the involvement of a single gene in glioma, and the full impact of numerous fatty acid metabolism genes is unknown. Understanding the significance of distinct fatty acid metabolism processes in glioma and their association with immunotherapy may suggest appropriate treatment methods by increasing the knowledge of fatty acid metabolism in tumor progression.

There are many successfully constructed prognostic models for glioma, such as the methylation-related or immune-related models in glioma (31–35) and other tumors (36, 37). But research focused on fatty acid metabolism. The connection between FAMDs and glioma was investigated. Univariate Cox regression assessment and lasso cox regression analysis were employed to assess prognostic risk. In the TCGA training cohort, a scoring model was developed for 191 expression levels associated with metabolism in normal and tumor brain tissue. In patients with glioma, the predictive risk score approach was utilized to predict OS. And we validate the model in the TCGA testing cohort, TCGA entire cohort, and CGGA cohort. We used a clinical correlation study to better know about the importance of these genes in glioma. The poor score subgroup and the good score subgroup had different survival rates. The testing cohort yielded the same findings, showing that the predictive risk score model may identify patients with low-risk viability. The predicted risk score model was developed using a multivariate analysis of prognostic data. Furthermore, by combining nomograms with specific clinicopathological variables, we may improve the prediction power of our prognostic risk score model.

Because gliomas need to be treated with a combination of chemotherapy drugs in the later stage. As a result, to better understand the relevance of the predictive risk model in glioma, we evaluated the medication treatment responses of patients in the good and poor score groups. The risk score was positively correlated with crizotinib resistance, which was consistent with previous studies (38). Our personalized PFG score for patients with glioma can be used for the prognosis of glioma. Individuals with elevated ratings had considerable matrix activation, suggesting the existence of chemoresistance, which was similar to previous findings. Chemoresistance is common in individuals with high hazard scores, hence immunotherapy is usually avoided. Most individuals with poor glioma are not candidates for immunotherapy (Immunologic checkpoint, inhibiting [PD-1/L1 and CTLA4]). As a result, distinguishing people who are candidates for immunotherapy is critical in clinical practice. Patients with high-level scores are rich in inhibitory immune cells and immune inflammatory cells. In addition, patients with better scores have the functions of activating type I and II IFN responses which can promote inflammation. All of this suggests that individuals with good scores are candidates for immunotherapy, which is consistent with cancer immune dysfunction and resistance being predicted.

Because the high- and low-score subgroups varied significantly, the distinct genes in the 2 categories were investigated further. CCNA2 was discovered to be necessary. Not only was CCNA2 mRNA expression linked to the clinical stage, but it was also linked to a worse prognosis. The CCNA2 knockdown has also been shown to suppress cell growth by impairing cell cycle progression and inducing cell apoptosis (39). Rui et al. reported that the ability of cancer cell proliferation, invasion, and metastasis was decreased after down-regulated expression of CCNA2 in prostate cancer cell lines (40). However, no research on CCNA2 in glioma has been published, and the process in glioma has to be investigated further.

In conclusion, the fatty acid predictive risk score model may be utilized to assess the fatty acid metabolism network completely. The calculated risk score may be used to classify a patient’s clinicopathological characteristics, such as clinical stages. Furthermore, the risk score is linked to the prognosis of patients and may predict immunotherapy. As a result, the clinical practice may be successfully guided by relative risk and clinical-stage to produce a more tailored clinical follow-up approach. These results present a unique, efficient, and accurate predictive and immunotherapy response prediction methodology, paving the way for tailored cancer immunotherapy in the future.
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Aim

This study aimed to explore the expression pattern of MLLT11 under different pathological features, evaluate its prognostic value for glioma patients, reveal the relationship between MLLT11 mRNA expression and immune cell infiltration in the tumor microenvironment (TME), and provide more evidence for the molecular diagnosis of glioma and immunotherapy.



Methods

Using large-scale bioinformatic approach and RNA sequencing (RNA-seq) data from public databases The Cancer Genome Atlas (TCGA), Chinese Glioma Genome Atlas (CGGA), and The Gene Expression Omnibus (GEO)), we investigated the relationship between MLLT11 mRNA levels and pathologic characteristics. The distribution in the different subtypes was observed based on Verhaak bulk and Neftel single-cell classification. Then, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were used for bioinformatic analysis. Kaplan–Meier survival analysis and Cox regression analysis were used for survival analysis. Correlation analyses were performed between MLLT11 expression and 22 immune cells and immune checkpoints in the TME.



Results

We found that MLLT11 expression is decreased in high-grade glioma tissues; we further verified this result by RT­PCR, Western blotting, and immunohistochemistry using our clinical samples. According to the Verhaak classification, high MLLT11 expression is mostly clustered in pro-neutral (PN) and neutral (NE) subtypes, while in the Neftel classification, MLLT11 mainly clustered in neural progenitor-like (NPC-like) neoplastic cells. Survival analysis revealed that low levels of MLLT11 expression are associated with a poorer prognosis; MLLT11 was identified as an independent prognostic factor in multivariate Cox regression analyses. Functional enrichment analyses of MLLT11 with correlated expression indicated that low MLLT11 expression is associated with the biological process related to the extracellular matrix, and the high expression group is related to the synaptic structure. Correlation analyses suggest that declined MLLT11 expression is associated with increased macrophage infiltration in glioma, especially M2 macrophage, and verified by RT­PCR, Western blotting, and immunohistochemistry using our clinical glioma samples. MLLT11 had a highly negative correlation with immune checkpoint inhibitor (ICI) genes including PDCD1, PD-L1, TIM3(HAVCR2), and PD‐L2 (PDCD1LG2).



Conclusion

MLLT11 plays a crucial role in the progression of glioma and has the potential to be a new prognostic marker for glioma.





Keywords: glioma, bioinformatics, single-cell RNA sequencing, tumoral heterogeneity, immune infiltration



Introduction

Glioma, divided into lower-grade glioma (WHO grades 2 and 3) and high-grade glioma (WHO grade 4), is one of the most common intracranial malignant tumors, and its annual incidence rate is about 3–6.4/100,000. Among them, glioblastoma (GBM) contributes to the worst prognosis, with a median survival time of approximately 12–15 months even after standard treatment of surgery, radiotherapy, and chemotherapy (1, 2). Nowadays, glioma molecular characteristics, such as the status of isocitrate dehydrogenase (IDH) mutation, methylation of O6-methylguanine-DNA methyltransferase (MGMT), and 1p/19q codeletion status, complement traditional therapy, and tumor-treating fields (TTFs) have been identified as important indicators for glioma classification and outcome prediction (1, 3). New therapies such as molecular targeting treatment and immunotherapy are enrolled in the treatment strategy, but only a few are actually able to improve clinical outcomes. The potential reason is that glioma tends to be a multi-gene and multi-step genetic heterogeneous disease, and tumor heterogeneity may probably be the root of treatment failure (4, 5). Recently, it has been found that GBM can be further divided into four different subtypes, pro-neural (TCGA-PN), neural (TCGA-NE), classical (TCGA-CL), and mesenchymal (TCGA-MES) (6, 7), based on their molecular feature. Neftel et al. (8) confirmed the existence of four different cell subtypes in GBM at the single-cell level, including neural progenitor-like (NPC-like), oligodendrocyte progenitor-like (OPC-like), astrocyte-like (AC-like), and mesenchymal-like (MES-like) states, and relate them to the corresponding bulk subtypes. In addition, the tumor immune microenvironment plays a pivotal role in tumor aggression. The tumor and its microenvironment influence each other during the tumor growth through cellular signaling of molecular or infiltrated immune cells. GBM can induce the activation of a variety of immune cell types, such as tumor-infiltrating macrophages, which produce a large number of cytokines, growth factors, and interleukin, so as to produce a suitable tumor microenvironment (TME) and promote the growth and proliferation of glioma cells (9). Thus, an in-depth understanding of the key molecules and mechanisms is of great significance for the diagnosis and treatment of glioma.

TheMLLT11 gene, located on chromosome 1q21, encodes a protein with a molecular weight of ∼9 kDa and consists of 270 amino acids (10). Regarding the function ofMLLT11 as an “oncogene” signature in hematologic diseases (11), studies are currently mainly focused on hematologic disorders. The expression ofMLLT11 markedly increased in several hematologic disorders, including lymphocytic leukemia, lymphoma, and myelodysplastic syndrome (12, 13). Although the specific function ofMLLT11 is not well defined, it exhibits proapoptotic functions in some solid tumors, such as ovarian and liver cancer (10, 14, 15).

At present, it has been shown that there is a correlation between the level ofMLLT11 expression and the degree of cell differentiation (16–18). In the central nervous system (CNS),MLLT11 expression is gradually upregulated as neural stem cells (NSCs) differentiate into neurons, and its high expression promotes neuronal differentiation and maturation (16, 19). Moreover,MLLT11 also plays an important role in tumor cell and immune cell interaction in the TME (20). Considering theMLLT11 function in various tumors and to reveal its function in glioma, we explored its expression pattern and clinicopathological significance that can offer new insights for glioma treatment.

In this study, we analyzed the expression profile ofMLLT11 in gliomas. Large-scale bioinformatic analysis, enrolling both bulk and single-cell data, was performed by downloading gene expression data from known databases. Then,MLLT11 expression in tumor samples and normal brain tissues was confirmed by real-time quantitative polymerase chain reaction (qPCR), Western blotting, and immunohistochemistry (IHC) in our institute. Moreover, we evaluated the prognostic value ofMLLT11 in the treatment for gliomas systematically and comprehensively. We found that among gliomas, there were distinct differences inMLLT11 expression among different grades of gliomas, and there was also a clear propensity forMLLT11 expression among the different subtypes. In addition, we explored the relationship betweenMLLT11 and immune infiltration and found that, with increasing malignancy, the expression level ofMLLT11 showed a decreasing trend, andMLLT11 expression was negatively correlated with M2-type macrophages in the TME. Furthermore, by qPCR, Western blotting, and IHC, we found that both mRNA and protein levels of M2-type macrophage-specific markers were obviously increased with higher glioma pathological grade. These results suggest that in high-grade gliomas, along with downregulatedMLLT11 expression, more M2-type macrophages are recruited into the TME to promote tumor growth. Based on these data, we conclude thatMLLT11 is a potential prognostic biological marker and may probably be a clinical therapeutic target for glioma patients.



Materials and methods


Dataset and data processing

We collected expression data and corresponding metadata from lower-grade glioma (LGG) and GBM samples in TCGA, CGGA, and GEO databases. A total of 697 samples from TCGA were downloaded from The University of California Santa Cruz (UCSC) Xena (https://xenabrowser.net/), including LGG and GBM. In addition, 1,319 samples were downloaded from the CGGA website (http://www.cgga.org.cn/). CGGA samples included mRNAseq_693, mRNAseq_325, and CGGA_array datasets. Furthermore, 444 bulk samples were collected from GEO datasets, including GSE43378, GSE16011, GSE74187, and GSE83300. A total of 3,589 cells from four primary GBM patients’ single-cell RNA sequencing (scRNA-seq) data according to Smart-seq2 protocol, GSE84465, were normalized following Seurat (v3.1.1) pipeline (21, 22). In this study, 105 normal brain cortex samples from GTEx databases were used for comparisons (http://commonfund.nih.gov/GTEx/). All bulk RNA-seq count data were normalized into transcripts per kilobase million (TPM). In addition, we also collected posttraumatic normal brain tissue (n = 9) and glioma samples (n = 27) from the Department of Neurosurgery in Xiangya Hospital, Central South University, including nine cases of grade 2, 3, and 4 gliomas, respectively. This study was approved by the medical ethics committee of Xiangya Hospital, Central South University.



Group division and survival analysis

The patients were divided intoMLLT11high andMLLT11low groups according toMLLT11 expression and the survival data by the cutoff calculated by the maximally selected rank statistics. The Kaplan–Meier survival curve was depicted to estimate survival distribution by R packages named survival and survminer. The log-rank test was used to assess statistical significance between groups. The coxph function in R package survival was used for Cox regression analysis. The receiver operating characteristic (ROC) curve was generated to assess the accuracy of the model with the R package pROC (23).



Differential gene identification and enrichment analysis

The differentially expressed genes (DEGs) were identified in each dataset through using the R package limma for normalized data false discovery rate (FDR) <0.05 and |log2 [fold change (FC)]|>1.5). Then, with the R package clusterProfiler (24), the pathway enrichment analysis was performed for the up-expressed and the down-expressed DEGs. The functional and pathway enrichment analysis includes Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway. The KEGG gene signatures were obtained from the Molecular Signatures Database v6.2 version (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb). The pathway was scored using the single-sample gene set enrichment analysis (ssGSEA) (25), as implemented in the GSVA R package (26). Then, principal component analysis (PCA) was used for dimensionality reduction of the pathway score matrix.



Immune infiltration analysis

CIBERSORT deconvolution algorithm was introduced, referring to the LM22 set (27) and the normalized signature matrices (28), to analyze the relative abundance of infiltrating immune cells. The association analysis and plots were conducted with the utilization of the R package ggstatsplot.



qPCR

Total RNA of the collected glioma tissues and normal tissue samples was extracted by TRIzol kit (Accurate Biology, China, AG21101) and RNA purification kit (Thermo Scientific, K0731), reverse transcribed to cDNA by RT-qPCR kit (Thermo Scientific, K16225). Amplification was performed according to the SYBR green (Bio-Rad, #1725274) method with three replicate wells per sample in a total reaction system of 20 μl. PCR reaction conditions (ABI 7300 Real-Time System) were as follows: 95°C for 15 min, 40 cycles of amplification at 95°C for 15 s, 60°C for 1 min. β-Actin was used as an internal reference and 2-ΔΔCt formula was used to calculate the relative expression of the targeted gene. Targeted gene primer sequences were as follows:MLLT11: (forward) 5’-GTAGCCAGTACAGTTCCTTTCT-3’, (reverse) 5’-AAGTTGAAGGTGCTGTACTCAA-3’; ARG1: (forward) 5’-GGACCTGCCCTTTGCTGACATC-3’, (reverse) 5’-TCTTCTTGACTTCTGCCACCTTGC-3’; CD206: (forward) 5’-TCCGACCCTTCCTTGACTAATCCTC-3’, (reverse) 5’-AGTATGTCTCCGCTTCATGCCATTG-3’; IL-10: (forward) 5’-GTTGTTAAAGGAGTCCTTGCTG-3’, (reverse) 5’-TTCACAGGGAAGAAATCGATGA-3’; CD163: (forward) 5’-ATCAACCCTGCATCTTTAGACA-3’, (reverse) 5’-CTTGTTGTCACATGTGATCCAG-3’; CD115: (forward) 5’-GTCCTGAAGGTGGCTGTGAAGATG-3’, (reverse) 5’-GCTCCCAGAAGGTTGACGATGTTC-3’; PDGFβ: (forward) 5’-TCTCTGCTGCTACCTGCGTCTG-3’, (reverse) 5’-AAGGAGCGGATCGAGTGGTCAC-3’.



Western blotting

Clinical glioma samples and normal brain tissue samples were collected, and total protein was extracted. The concentration of protein was determined by the bicinchonininc acid (BCA) method and calculating the loading capacity. Boiled at 100°C for 5 min and stored at -80°C for further use. The protein sample (100 ng) was separated by 15%, 10% sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE), and the separated protein bands were transferred onto the polyvinylidene fluoride (PVDF) membrane. The membrane was blocked in 5% nonfat milk for 2 h at room temperature and washed for 10 min with phosphate buffer solution with 0.05% Tween 20 (PBST) (three times), then incubated overnight at 4°C withMLLT11 I antibody solution (1:2,000, Abcam, ab109016) and arginase-1 (ARG1) antibody (1:1,000, Proteintech, 16001-1-AP) that had been diluted in PBST and then washed with PBS for 10 min (three times). The membrane was incubated in the antibody II solution (Goat Anti-Rabbit IgG, 1:5,000, Proteintech) for 1 h at room temperature and washed with PBST for 10 min (three times). The protein bands stained by the antibody were visualized using enhanced chemiluminescence (WesternBright Sirius, Advansta, 200425-03), and β-actin was used as an internal reference followed by exposure to X−ray films (Bio-Rad). Relative protein expressions were analyzed from band intensities using ImageJ software.



Immunohistochemistry

Glioma specimens of different grades and normal brain tissue were fixed with formalin, embedded in paraffin, and then made into 4-µm sections. Sections were dewaxed and rehydrated pretreated for antigen retrieval in citrate buffer and quenched for endogenous peroxidase with 3% hydrogen peroxide (H2O2). Nonspecific antigenic sites were blocked with 10% normal goat serum, and sections were incubated overnight withMLLT11 I antibody (1:100, Abcam, ab109016) and CD163 I antibody (1:500, CST, #93498) at 4°C. These were then incubated with secondary antibody (goat anti-rabbit IgG, 1:5,000, Proteintech) and stained with diaminobenzidine tetrahydrochloride (DAB) and hematoxylin. IHC images were acquired, and the score ofMLLT11 and CD163 protein expression was calculated by image processing software ImageJ.



Statistical analysis

All bioinformatic statistical analyses in this study were performed using R version 4.1.0 (The R Foundation for Statistical Computing, http://www.rproject.org/). The Wilcoxon rank-sum test was used to determine the expression levels ofMLLT11 with regard to pathological characteristics. The survival probability was determined using Kaplan–Meier survival curves by log-rank test. The Pearson correlation was applied to evaluate the relationship betweenMLLT11 expression and immune cell infiltration and immune checkpoints. The heatmap was drawn with the R package pheatmap. All statistical tests were two-sided. The p < 0.05 was considered statistically significant.




Results


Clinical and molecular characteristics ofMLLT11 in gliomas

We first compared theMLLT11 expression among LGG, GBM, and normal brain cortex in TCGA and GTEX dataset and found no significant difference between normal brain and WHO grade 2 and WHO grade 3 gliomas, but the expression ofMLLT11 in GBM is the lowest among the four histological groups. Then, the exploration ofMLLT11 expression in glioma histology revealed that GBM showed the lowest expression, followed by astrocytoma, and no difference between normal brain, oligoastrocytoma, and oligodendroglioma (Figures 1A, B). According to median age, patients were divided into high and low age subgroups, and there were significant differences in the expression ofMLLT11 between the high age subgroup and the low age subgroup in TCGA datasets (Figure 1C). Meanwhile, no significantMLLT11 expression difference was found in LGG between the young and old groups except for GBM (Figure 1D). The same result is also seen in CGGA dataset (Supplementary Figures 1A, B). Furthermore, theMLLT11 expression difference can also be analyzed in different WHO pathological grades in the high age subgroup and the low age subgroup. The result shows that in both high-age and low-age groups, the expression level ofMLLT11 has a significant downward trend with the increase of tumor grade (Supplementary Figures 1C, D). Of note, in the CGGA dataset and TCGA dataset, no significant difference was found between men and women forMLLT11 expression in different WHO pathological grades (Supplementary Figures 1E–G).




Figure 1 | Clinical and molecular characteristics of MLLT11 in gliomas. (A, B) The expression of MLLT11 in different WHO pathological grades. (C, D) The expression of MLLT11 stratified by age and WHO pathological grades. (E, F) The expression of MLLT11 in 1p19q codeletion and non-codeletion glioma. (G–J) The expression of MLLT11 in IDH mutant and wild type and stratified by age and different WHO pathological grades. (K) The expression of MLLT11 in IDH mutation combined with 1p/19q codeletion and IDH mutation combined with 1p/19q non-codeletion. (L, M) Representative images of qPCR and Western blotting for MLLT11 in normal brain tissue and different tumor grades. (N) Representative images of IHC staining for MLLT11 in normal brain tissue and different WHO pathological grades of glioma. *p < 0.05, **p < 0.01, ***p < 0.001; ns, no statistics. G2, Grade 2; G3, Grade 3; G4, Grade 4; IDH, isocitrate dehydrogenase; WT, wildtype.



In recent years, with the rapid development of the molecular pathology of glioma, a series of molecular markers, such as IDH mutation, 1p/19q codeletion, and MGMT methylation status, have been considered to be related to the malignancy of glioma and patient prognosis. Therefore, these clinical-related molecular biomarkers were also explored in this study. We found that there was a significant difference in the expression ofMLLT11 between 1p19q codeletion and non-codeletion status in TCGA datasets. Compared with 1p19q non-codeletion, the expression ofMLLT11 in 1p19q codeletion was higher (Figure 1E), and the same result was found in LGG (Supplementary Figures 1H, I). In patients with non-codeletion, the expression ofMLLT11 gradually decreased with the increase of tumor grade (Figure 1F). Furthermore, the expression level ofMLLT11 was significantly different between IDH mutation and non-mutation, which was validated in CGGA and TCGA datasets. The expression ofMLLT11 in the IDH mutant subtype, similar to the normal brain, was significantly higher than that of IDH wild-type glioma, and the difference was more obvious in GBM (Figures 1G–J). A similar result was found in CGGA_325, CGGA_693, and CGGA_array datasets (Supplementary Figures 1J–O). In addition, we also found that compared with IDH mutation or 1p/19q codeletion alone, the expression ofMLLT11 with IDH mutation combined with 1p/19q codeletion was the highest (Figure 1K), suggesting that the prognostic value ofMLLT11 expression is consistent with the known IDH mutation combined with 1p/19q codeletion.

qPCR, Western blotting, and IHC staining were used to detect the mRNA transcription level and protein expression ofMLLT11 in glioma samples of different grades (n = 27) and normal brain tissues (n = 9) from our institution. The clinical characteristics and molecular pathology of these patients are shown in Supplementary Table 1. qPCR results showed that the expression level ofMLLT11 in tumor tissues was significantly lower than that in normal brain tissues (p < 0.05), but no significant difference was found between different grades of glioma (Figure 1L). Furthermore, Western blotting and IHC results confirmed that the expression ofMLLT11 was higher in normal brain tissues and LGG when compared with that of GBM tissues (Figures 1M, N). Moreover, glioma patients with higherMLLT11 expression level experienced favorable outcomes among the glioma patients in the above analysis. Based on the above information, we infer thatMLLT11 decreased significantly in GBM and may play an important role in invasive processes of gliomas.



MLLT11 expression level shows a subtype preference in glioblastoma

Currently, during clinical diagnosis and treatment, molecular subclasses in glioma provide new insights into predicting patient prognosis (6), and studies based on bulk expression in TCGA suggest that GBM can be classified into four subtypes, namely, classical (TCGA-CL), mesenchymal (TCGA-ME), pro-neural (TCGA-PN), and neural (TCGA-NE), of which the PN subtype has a relatively good prognosis, but the CL and ME subtypes are more aggressive and have a poor prognosis (7, 29). In this study, we detectedMLLT11 expression in LGG, GBM samples, and normal tissues from TCGA and GTEx datasets and found that increasedMLLT11 expression was associated with the NE and PN subtypes in TCGA and CGGA datasets (Figures 2A–D).




Figure 2 | The expression of MLLT11 in different glioma subtypes. (A–D) MLLT11 expression level in different molecular subtypes in TCGA, CGGA_325, CGGA_691, and CGGA_array datasets based on bulk expression. (E–I) ScRNA-seq results for MLLT11 expression in GBM. (E) The cells were categorized into eight clusters (left). Blue scatter plots represent MLLT11 expression distribution in eight clusters (right). (F) Tumor cells were extracted and categorized into four different cell clusters based on the scRNA expression level (left), and MLLT11 expression is shown in blue scatter spots (right). (G, H) The expression levels of MLLT11 in the eight cell clusters and four molecular subtypes were shown by violin plot. (I) MLLT11 was mainly expressed in NPC-like subtypes compared with the other three subtypes. **p < 0.01, ***p < 0.001; ns, no statistics.



To clarify the role ofMLLT11 in glioma, we further analyzedMLLT11 expression in gliomas from single-cell dimension. Seven clusters of cells were identified from four glioma samples, mainly including astrocytes, oligodendrocytes, oligodendrocyte precursor cells (OPCs), neoplastic cells, neurons, vascular endothelial cells, and immune cells (Figure 2E). The expression ofMLLT11 was mainly concentrated in neoplastic cells, immune cells, and OPCs (Figure 2F). In addition, scRNA-seq clustering was carried out according to the four types proposed in GBM by Neftel et al. (8) in 2019, mainly including four cell clusters, AC-like, NPC-like, OPC-like, and MES-like, in which TCGA-PN subtype corresponds to NPC-like cellular state (8). Our results showed thatMLLT11 was mainly expressed in NPC-like cells, which was significantly different from the other three clusters of cell subtypes (Figures 2G–I). This is consistent with the expression of bulk tumor sequencing, that is,MLLT11 is mainly upregulated in TCGA-NE and TCGA-PN. It is suggested thatMLLT11 can be used as a marker of GBM subtype.



The expression level ofMLLT11 refers to the prognosis of the glioma patient

From the above bioinformatic analysis result, we conclude that the expression ofMLLT11 has significant correlation with glioma malignancy, i.e., in gliomas,MLLT11 expression tends to decrease with increasing tumor malignancy. To further test and verify the reliability of this result, we evaluated the prognostic value ofMLLT11 in eight datasets from TCGA, CGGA, and GEO. In these datasets, patients were divided into low-expression subgroup and high-expression subgroup, and survival analysis was performed using log-rank test analysis. The results revealed that, in TCGA (p < 0.0001), CGGA_array (p < 0.001), and CGGA_RNAseq_325 datasets (p < 0.01), patients (LGG and GBM) with a higher expression ofMLLT11 showed significantly better prognosis than that of the low-expression subgroup (Figures 3A–C). In the GSE43378 dataset, although no obvious statistical significance in the survival analysis was found between theMLLT11 high- and low-expression groups, there was still a similar trend between them (p = 0.16) (Figure 3D). Also, among GBM patients, we also find that patients with a high expression ofMLLT11 show better prognosis in CGGA_RNAseq_693 dataset (p < 0.05), GSE16011 dataset (p < 0.01), GSE74187 dataset (p < 0.001), and GSE83300 dataset (p < 0.01) (Figures 3E–H).




Figure 3 | The relationship between MLLT11 expression and survival for glioma. (A–H) Kaplan–Meier plots of MLLT11 in TCGA and CGGA datasets, (A) TCGA_LGG_GBM, (B) CGGA_array, (C) CGGA_325, (D) GSE43378, (E) GSE16011, (F) GSE74187, (G) CGGA_693, and (H) GSE82009. (I) The forest diagram represents the multifactor Cox regression analysis in which the variables include MLLT11, gender, age, IDH mutation status, 1p19q deletion status, MGMT methylation, and TERT promoter status. (J) ROC curve analysis of the model in pan-glioma cohort in TCGA dataset. *p < 0.05, **p < ***p < 0.001.



To explore the influence on the survival of glioma patients, we evaluated the prognostic value ofMLLT11 in TCGA dataset cohorts. We applied the multivariate Cox regression analysis to investigate the prognostic power of the signature, and the result revealed that the expression ofMLLT11 hazard ratios (HR) = 0.47, p < 0.026) is an independent prognostic biomarker for glioma patients after adjusting for age, gender, IDH, MGMT promoter, Telomerase reverse transcriptase (TERT) promoter, and 1p19q codeletion status (Figure 3I). Moreover, ROC curve analysis in TCGA dataset was used to comprehensively assess the sensitivity and specificity of the model. The area under the curve (AUC) ofMLLT11 was 68% in the pan-glioma cohort (Figure 3J).



Differentially expressed genes and functional enrichment analysis between theMLLT11 high- and low‐expression groups

We analyzed DEGs between the groups with low and highMLLT11 expression in TCGA. By using the criteria |log FC| >1.5 and FDR <0.05, we obtained 301 DEGs (230 upregulated and 71 downregulated) (Figure 4A). The KEGG enrichment analysis indicated that theMLLT11 upregulated DEGs were involved in pathways related to neuroactive ligand–receptor interaction, synaptic vesicle cycle, cAMP signaling pathway, glutamatergic synapse, and GABAergic synapse (Figure 4B), while theMLLT11 downregulated DEGs were involved in pathways related to complement and coagulation cascades and arachidonic acid metabolism (Figure 4C). Similarly, in the CGGA_325 dataset and CGGA_array dataset, theMLLT11 upregulated genes are also mainly enriched in GABAergic synapse, retrograde endocannabinoid signaling, synaptic vesicle cycle, and glutamatergic synapse (Supplementary Figures S2B, S3B). TheMLLT11 downregulated genes were mainly enriched in the pathway of extracellular matrix (ECM)–receptor interaction, protein digestion and absorption, and complement and coagulation cascades (Supplementary Figure 2C). In the biological process category, in TCGA dataset,MLLT11 upregulated DEG-enriched GO terms were identified, mainly involved in the pathway of the development and regulation of the synapse structure, regulation of membrane potential, and postsynaptic membrane potential (Figure 4D). MLLT11 downregulated DEGs were mainly enriched in the pathway of ECM and extracellular structure organization and regulation of response to wounding and regulation of wound healing (Figure 4E). The same results were also found in CGGA datasets (Supplementary Figures 2D, E, 3C, D). Based on these analyses,MLLT11 may influence the glioma microenvironment via ECM organization and might promote the synapse information to influence the progression of glioma.




Figure 4 | Functional enrichment analysis between the MLLT11 high- and low‐expression groups in gliomas. (A) Differential expression genes (DEGs). (B, C) KEGG enrichment analysis of the upregulated genes in the high MLLT11 subgroup and the downregulated genes in the high MLLT11 subgroup. (D, E) GO analysis of the upregulated genes in the high MLLT11 subgroup and the downregulated genes in the high MLLT11 subgroup.





Principal component analysis andMLLT11-related biological process

Based on the results of clinicopathological characteristics and survival analysis, we deduced thatMLLT11 might play an essential biological function in glioma initiation and progression. To further investigate the biological process associated withMLLT11 expression, we performed PCA to investigate differences in metabolism status between the low-expression subgroup and high-expression subgroup based on the expression ofMLLT11. PCA results showed that the contribution of PCA1(Dim1) and PCA2(Dim2) to the total variance accounted for 55.5% and 15.1%, respectively, in TCGA dataset (Figure 5A). Similarly, in the CGGA dataset, Dim1 and Dim2 account for 66.4% and 7% to the total variance, respectively (Figure 5B). Furthermore, we performed KEGG enrichment analyses of the DEGs to explore the difference of metabolism status between theMLLT11 low-expression and high-expression subgroups in TCGA and CGGA. We found that, in the low-expression subgroup, the DEGs were significantly involved in multiple tumor- and immune-related pathways, such as leukocyte trans-endothelial migration, cytokine–cytokine receptor interaction, intestinal immune network for IgA production, graft-versus-host disease, primary immunodeficiency, autoimmune thyroid disease, glycosaminoglycan degradation, lysosome, ECM–receptor interaction, and glutathione metabolism (Figures 5C, D). However, in theMLLT11 low-expression subgroup, ubiquitin-mediated proteolysis, taurine and hypotaurine metabolism, WNT signaling pathway, mammalian/mechanistic target of rapamycin (mTOR) signaling pathway, including erb-B1 (EGFR, HER1),erb-B2(HER2)、erb-B3(HER3) and erb-B4(HER4) (ERBB) signaling pathway, and phosphatidylinositol signaling system were enriched. These results have occurred similarly in other datasets in the CGGA (Supplementary Figures 4A–D). These suggest that the aggressiveness of glioma is associated with an abnormal immune status.




Figure 5 | Distinct metabolism status in patients with MLLT11 low expression and high expression in glioma. (A, B) PCA between the low-expression and high-expression groups based on total DEGs in TCGA and CGGA dataset. (C, D) KEGG pathway enrichment analyses of DEGs in MLLT11 low-expression and high-expression groups in TCGA and CGGA dataset.





Relationships betweenMLLT11 expression and immune cells and immune checkpoint markers

To investigate the mechanism by which high expression ofMLLT11 contributes to a better prognosis, we explored the correlation betweenMLLT11 expression and immune infiltrating levels of 22 immune cells by CIBERSORT algorithm, including B cells, T cells, Natural killer (NK) cells, monocytes, macrophages, dendritic cells, mast cells, eosinophils, and neutrophils. Pearson correlation analysis was used to identify immune cells that strongly associated withMLLT11 expression (|r| > 0.4, p < 0.05) in the CGGA and TCGA sequencing datasets. Results in TCGA dataset show that the expression ofMLLT11 was positively correlated with the infiltration level of naive CD4+ T cells and CD8+ T cells and negatively correlated with the infiltration level of macrophages, especially M2 macrophages (Figures 6A, B). Similar results were found in CGGA array and CGGA 325 dataset (Supplementary Figures 5A, B). Furthermore, by qPCR, IHC, and Western blotting, in different pathological grades of glioma tissues, we found a significant increase in the expression levels of M2-type macrophage-specific markers with increasing tumor grade, including CD206, CD163, ARG1, CD115, and IL-10 (Figure 7). This may be that in the process of tumor progression, with the decrease ofMLLT11 expression level and the increase of immune infiltration level, the generated M2 immune cells might promote the aggressive process.




Figure 6 | Relationships between MLLT11 expression and immune cells and immune checkpoint markers. (A, B) Correlation analysis of MLLT11 with 22 immune cells in TCGA dataset. (C–I) Correlation between MLLT11 and seven immune checkpoints in TCGA dataset. (C) CD274, (D) CD80, (E) HAVCR2, (F) IDO1, (G) CD276, (H) PDCD1LG2, (I) PDCD1.






Figure 7 | Expression of M2 macrophage markers in different WHO pathological grades of glioma. (A) The mRNA expression levels of M2-type macrophage-specific markers, including ARG1, CD206, IL-10, CD163, CD115, and PDGFβ in different grades of glioma samples (n = 24). (B) Representative Western blotting images of ARG1 and (C) bar charts of normalized protein expression levels of ARG1 in different grades of gliomas samples (n = 18). (D) Representative images of immunohistochemical (IHC) staining for CD163 in different grades of gliomas (n = 18). (E) Quantification of CD163 IHC staining in different pathological grades of gliomas (n = 18). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.



Recently, immunotherapy has dramatically advanced in the treatment of cancer. Considering the importance of immune checkpoint molecules for the immune response and immunotherapy, several common immune checkpoint members were enrolled in our analysis and assessed the correlation betweenMLLT11 and these immune checkpoints, such as HAVCR2 (TIM-3), CD274 (PD-L1), CD276 (B7-H3), CD80, PDCD1LG2 (PD-L2), PDCD1 (PD-1), and IDO1. Pearson correlation analysis was performed to explore the relationship between theMLLT11 expression level and seven immune checkpoints in CGGA dataset and TCGA dataset. In TCGA datasets, among WHO grade 3 glioma,MLLT11 showed a highly negative correlation with PD-1 (r = -0.34, p = 8.3 × 10-28), PD-L1 (r = -0.41, p = 3.5 × 10-11), TIM3(HAVCR2) (r = -0.4, p = 1.2 × 10-11), and PD‐L2 (PDCD1LG2) (r = -0.58, p < 2.2 × 10-16) (Figure 6). Similarly, a strong negative correlation was found betweenMLLT11 and PD-L1 (r = -0.41, p = 3.7 × 10-8), TIM3(HAVCR2) (r = -0.26 p = 8.4 × 10-4), and PD‐L2(PDCD1LG2) (r = -0.55, p = 2.5 × 10-14) in GBM (Figure 6). A similar trend can be seen in the CGGA_325 and CGGA_array datasets (Supplementary Figures 6A–G, 7A–G). These findings indicate thatMLLT11 may have a critical role in the immune response; especially whenMLLT11 expression is low, immunotherapy may be more effective.




Discussion

Gliomas account for 80% of all malignant brain tumors, and GBMs occupy about 50% of gliomas. Due to the existence of inter- and intra-glioma heterogeneity, despite the standard treatment of precision surgery, combination of radiotherapy and chemotherapy, and even TTFs, the 5-year survival rate for GBM remains unsatisfactory. Thus, novel therapeutic approaches are needed urgently. However, the origin and progression of glioma are extremely complex processes with multiple steps, and multiple regulators have been confirmed to be involved in the regulation of this process; therefore, exploring and identifying suitable regulators are feasible approaches for the treatment of glioma.

TheMLLT11 gene is primarily responsible for encoding a 9-kDa transmembrane protein and highly expressed in some cancer cell lines and normal hematopoietic tissues (30, 31). ElevatedMLLT11 expression was associated with poor prognosis in several human cancers, such as pediatric acute myeloid leukemia, ovarian cancer, and gastrointestinal malignancy (32, 33). However, in the nervous system, the opposite is true. During embryonic development, studies have shown thatMLLT11 plays an important role in neuronal differentiation and maintenance. Lin et al. (19) found that during the differentiation of neural stem/precursor cells into neurons, the expression ofMLLT11 was significantly upregulated. This indicates thatMLLT11 may play an essential role in neuronal differentiation during CNS development. Our results found thatMLLT11 is highly expressed in normal brain tissues and decreased with the increase of tumor grade. Based on these pieces of evidence, in the CNS, we infer thatMLLT11 is at least involved in promoting differentiation and inhibiting cancer development.

In analyzing the age effect, we found a significant statistical difference in the expression ofMLLT11 between the young and old subgroups. In the old subgroup, the expression ofMLLT11 was low, and vice versa. Further analysis stratified by tumor grade indicated that there was no statistical difference in the expression ofMLLT11 between the young and old subgroups in LGG, but in GBM,MLLT11 expression in the old subgroup was significantly lower than that in the young subgroup. Based on these pieces of evidence, considering that the incidence of GBM is often in elderly patients, we speculated thatMLLT11 may be a gene promoting differentiation and a tumor-suppressive effect, andMLLT11 may play a key role in the progression of glioma. In addition, 1p19q codeletion and IDH mutation status are of great significance in predicting the prognosis of glioma. Moreover, 1p19q codeletion and IDH mutation suggest a better prognosis. In our analysis, compared with patients with 1p19q codeletion and IDH mutation alone,MLLT11 expression is higher in the combination of the two, indicating that the expression pattern ofMLLT11 has a similar role in predicting the prognosis of glioma patients as that of 1p19q deletion and IDH mutation.

We further analyzed the expression ofMLLT11 in the RNA-seq data from TCGA and CGGA. It was firmly established that the expression ofMLLT11 was obviously upregulated in TCGA-PN phenotype compared with TCGA-MES. Furthermore, from an scRNA-seq perspective, we deeply analyzedMLLT11 expression differences in different cell clusters, and the results demonstrated thatMLLT11 was mainly expressed in neoplastic cells, immune cells, and OPC clusters. TheMLLT11 expression in tumor cells was further analyzed to explore the expression distribution in four subtypes of GBM based on single-cell sequencing proposed by Neftel et al. (8). The scRNA-seq analysis suggested that theMLLT11 expression level in NPC-like subtypes was significantly higher than that of the other three subtypes, AC-like, OPC-like, and MES-like. The bulk PN subtype corresponded to the NPC-like cell subtype, with both subtypes referring to better prognosis in their own classification. Thus, the expression distribution ofMLLT11 in the bulk sample was consistent with that at single-cell sequencing level. Furthermore, survival analysis based on independent datasets from TCGA and CGGA datasets found that high levels ofMLLT11 expression tend to predict better outcomes. These results lead us to believe thatMLLT11 has an important predictive value for glioma prognosis.

In order to further explain the clinical prognostic role ofMLLT11, we performed KEGG and GO enrichment analysis on the DEGs. The upregulated DEGs ofMLLT11 were mainly enriched in neuroactive ligand–receptor interaction, synapse organization, synaptic vesicle cycle, and the regulation of synapse-related signals, as well as glutamatergic synapse-related signaling pathway. As we all know, epilepsy is a common symptom in patients with glioma and the combination of antiepileptic drugs plays an important role in the treatment of glioma (34, 35). Venkataramani et al. (36) revealed a direct link between neurons and glioma cells through different glioma disease models and clinical tumor specimens and finally confirmed that functional chemical synapses exist between presynaptic neurons and postsynaptic glioma cells. Also known as neuron–glioma synapses (NGSs), these synaptic-like structures play a “bidirectional switch” role in gliomas. For example, alpha-amino-3-hydroxy-5-methyl-4-isoxazole propionic acid (AMAP)-induced currents promote postsynaptic glioma cell proliferation, which in turn triggers electrical activity in presynaptic neurons through NGSs, and this abnormal electrical activity often manifests as seizures in glioma patients (37, 38). Glioma cells and elevated levels of the excitatory neurotransmitter glutamate could disrupt cerebral cortical networks and provoke tumor-associated epileptic conditions (39, 40). Similarly, in this study, we also found thatMLLT11 upregulated DEGs may be related to the pathogenesis of seizures in glioma-related epilepsy (GRE) patients. Moreover, theMLLT11 downregulated DEGs mainly clustered in ECM-related pathways, suggesting that the progression of tumor is related to the ECM. The role of the ECM in various cancers has also been proven. For example, the ECM-related pathway is activated and involved in cancer initiation and progression in prostate cancer (41). In gastric cancer, the ECM pathway also plays a pivotal role during tumor invasion and metastasis (42). Also, in colorectal cancer, the ECM participates in the process of epithelial–mesenchymal transition (EMT) and finally leads to tumor malignant progression (43).

In addition, KEGG enrichment analysis was performed on metabolism-related pathways, and the downregulated DEGs were mainly related to leukocyte trans-endothelial migration, complement and coagulation cascades, lysosome, cytokine–cytokine receptor interaction, and ECM–receptor interaction. These pathways are closely related to glioma malignancy. For example, the complement system is considered to be an important system for immune monitoring and homeostasis. It plays an important role in the immune system of organisms. If it is not controlled properly, the immune system can also take action against healthy cells (44, 45). Because glioma patients are often accompanied by lower immunity, we have reason to believe that it is closely related to the complement system. Cytokines are recognized to be key factors in the TME, possessing an immunosuppressive function and inflammatory activity and participating in the progression of GBM (46). Moreover, the ECM–receptor interaction pathways play a role in tumor invasion and metastasis, and the interaction between ECM and the glioma microenvironment is an important contributor to the malignant progression of glioma (47).

Macrophages are the most important immune cells in tumor-related inflammation and play an important role in tumor-related inflammation. At present, macrophages can be divided into two types based on their polarization status: M1-subtype and M2-subtype tumor-associated macrophages (TAMs) (48). M1-subtype TAMs participate in Th1 immune response and have an antitumor effect, while M2 macrophages participate in Th2 immune response and promote tumor growth (49, 50). Previous studies have found that there were a large number of TAMs in GBM. There is a correlation between TAM density and glioma grade, indicating that TAMs support tumor development (51, 52). Interestingly, negative correlations were found in this study betweenMLLT11 expression and M2 macrophages, as well as M1 macrophages. It is suggested that, during the progression from low-grade to high-grade glioma, the downregulatedMLLT11 may contribute to recruiting macrophages, which probably mediates the polarization of macrophages to M2, so as to promote tumor progression. In conclusion, our results demonstrate that the expression ofMLLT11 is related to immune cell infiltration and may contribute to the poor prognosis of glioma patients. Further scientific research is needed to explore how glioma cells recruit M2 macrophages during the downregulation ofMLLT11.

In recent years, immune checkpoint inhibitors (ICI) have brought significant survival benefits to patients in many tumor species. Similarly, preclinical studies have shown that ICIs have great prospects in the treatment of GBM. Therefore, in this study, we also investigated the correlation betweenMLLT11 expression and several common immune checkpoint members. Results refer thatMLLT11 had a highly negative correlation with PDCD1, PD-L1, TIM3(HAVCR2), and PD‐L2 (PDCD1LG2) in grade 3 glioma analysis. In GBM,MLLT11 was strongly negatively correlated with PD-L1, TIM3(HAVCR2), and PD‐L2(PDCD1LG2). Based on the above confirmed relationship betweenMLLT11 and immune checkpoint, we conclude thatMLLT11 has great potential in tumor immunotherapy, and targetingMLLT11 and other immune checkpoint molecules is likely to be a novel approach for glioma treatment.

In summary, based on the above bioinformatic analysis and experimental validation in glioma, we systematically explored the expression pattern ofMLLT11 according to the clinicopathologic features, molecular subclasses, and prognosis of glioma. Meanwhile, we also analyzed the relationship betweenMLLT11 and immune cells in the TME. These results initially illuminate a critical role forMLLT11 in the progression of glioma. Further studies are needed to exploreMLLT11 as a novel biomarker or therapeutic mediator in glioma, and relevant pharmaceutical studies targetingMLLT11 will have great potential.
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Background

Ankyrin repeat and SOCS Box containing 3 (ASB3) is an E3 ubiquitin ligase. It has been reported to regulate the progression of some cancers, but no systematic pan-cancer analysis has been conducted to explore its function in prognosis and immune microenvironment.



Method

In this study, mRNA expression data were downloaded from TCGA and GTEx database. Next generation sequencing data from 14 glioblastoma multiforme (GBM) samples by neurosurgical resection were used as validation dataset. Multiple bioinformatics methods (ssGSEA, Kaplan-Meier, Cox regression analysis, GSEA and online tools) were applied to explore ASB3 expression, gene activity, prognosis of patients in various cancers, and its correlation with clinical information, immune microenvironment and pertinent signal pathways in GBM. The biological function of ASB3 in tumor-infiltrating lymphocytes (TILs) was verified using an animal model.



Results

We found that ASB3 was aberrant expressed in a variety of tumors, especially in GBM, and significantly correlated with the prognosis of cancer patients. The level of ASB3 was related to the TMB, MSI and immune cell infiltration in some cancer types. ASB3 had a negative association with immune infiltration and TME, including regulatory T cells (Tregs), cancer-associated fibroblasts, immunosuppressors and related signaling pathways in GBM. ASB3 overexpression reduced the proportion of Tregs in TILs. GSEA and PPI analysis also showed negative correlation between ASB3 expression and oncogenetic signaling pathways in GBM.



Conclusion

A comprehensive pan-cancer analysis of ASB3 showed its potential function as a biomarker of cancer prognosis and effective prediction of immunotherapy response. This study not only enriches the understanding of the biological function of ASB3 in pan-cancer, especially in GBM immunity, but also provides a new reference for the personalized immunotherapy of GBM.
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Introduction

Cancer is the leading cause of death in every country in the world and an important obstacle to improving life expectancy, there is no absolute cure for cancer today (1, 2). Glioblastoma multiforme (GBM) is the most common malignant primary brain tumor with 49.1% of malignant brain tumors (3). Although the comprehensive treatment of GBM has made progress including surgery, radiotherapy and chemotherapy, the overall prognosis is still poor and the long-term survival rate remains low (4).

In recent years, cancer immunotherapy has become a prominent cancer treatment, especially immune checkpoint inhibitors (ICIs) therapy (5). Previous studies have shown that the disturbance of tumor microenvironment (TME), especially the tumor immune microenvironment (TIME), is one of the main causes of tumor malignant progression (6). However, many cancer patients do not achieve a persistent response to currently available antigens (7). The immune system in the brain follows different principles from the immune system elsewhere, not only is the access to the tumor restricted by the blood-brain barrier (BBB), but the host is subjected to considerable endogenous and therapeutically induced immunosuppression (8). Hence, exploring novel immunotherapeutic biomarkers, especially from GBM, can help cancer patients to formulate precise immunotherapy strategies and achieve more durable immune responses.

The ubiquitin-proteasome system (UPS) is one of the most important ways to regulate protein levels and a series of physiological and pathological processes in various organisms, controlling most proteins via ubiquitination and deubiquitination of substrates (9). The ankyrin repeat and suppressor of cytokine signaling (SOCS) box containing (ASB) family is comprised of 18 proteins and belongs to the SOCS box protein superfamily, they interact with Cul5-Rbx2 to form E3 ubiquitin ligases (E3s) and play important roles through ubiquitination-mediated pathway (10). The ASB3 gene from the ASB family is located on chromosome 2p16.2, which has 3 transcriptional variants encoding 2 isoforms. The ASB3 protein contains 518 amino acid residues, constituting 11 linked ankyrin repeats, followed by a SOCS box domain at the C-terminal of the peptide chain (11). ASB3 has been reported to play important roles in a variety of biological processes. In hepatocellular carcinoma (HCC), ASB3 knockdown promotes mitochondrial apoptosis by activating the interdependent cleavage of Beclin1 and caspase-8 (12). The mutations and down-regulated expression of ASB3 gene promote the growth and metastasis of colorectal cancer (CRC) cells (13). Furthermore, ASB3 mediates ubiquitination and degradation of tumor necrosis factor receptor II (TNFR2) (14). At present, there are few systematic studies on ASB3 in pan-cancer, especially in GBM.

In this study, we applied multiple bioinformatics methods to explore the expression level and gene activity of ASB3 in pan-cancer. Meanwhile, the relationship between ASB3 and GBM TME and its related signaling pathways was comprehensively analyzed in combination with public databases and sequencing data of patients in our institution. The role of ASB3 expression in the TIME was biologically validated using an animal model. The results indicate that ASB3 may be a potential target for future cancer immunotherapy development.



Materials and methods


Clinical samples collection

During the period from 2019 to 2021, surgically resected samples from glioma patients were collected, and postoperative pathology showed GBM. With the consent of the patients or their families, partial samples were collected and stored in a -80°C refrigerator. This study has been approved by the Ethics Committee of the First Affiliated Hospital of Harbin Medical University, and all patients or their families consented. Samples were sent to Novogene (https://novogene.com/) for quality inspection and sequencing. The raw data has been deposited in NCBI’s Sequence Read Archive (SRA, PRJNA786896).



Data source

The gene expression RNA-seq mRNA profiles of GTEx (Genotype-Tissue Expression) cohorts of brain and GDC TCGA (The Cancer Genome Atlas) cohorts of 33 cancer types, and their relevant clinical information were downloaded from UCSC Xena (https://xena.ucsc.edu/). The gene list of E3s and deubiquitinating enzymes (DUBs) were downloaded from iUUCD (The Integrated Annotations for Ubiquitin and Ubiquitin-like Conjugation Database, http://iuucd.biocuckoo.org/) (15, 16).



Pan-cancer analysis

After removing 8 cancer types without normal tissues, the mRNA expression data from 25 cancer types (BRCA, BLCA, COAD, CESC, CHOL, ESCA, GBM, HNSC, KIRP, KICH, KIRC, LGG, LIHC, LUSC, LUAD, PRAD, PAAD, PCPG, READ, SARC, SKCM, STAD, THYM, THCA and UCEC) were used to analyze ASB3 expression in normal and tumor tissues by Limma with a cutoff (P < 0.05). The ssGSEA (single-sample Gene Set Enrichment Analysis) was used to explore the gene activity of ASB3 by the R package “GSVA”. Patients were divided into ASB3 high expression group and low expression group according to the median value of ASB3 expression. Kaplan-Meier (KM) curves and Cox regression were used for evaluating the effect of ASB3 mRNA expression on the survival time and prognosis of patients with cancer. The correlation between ASB3 expression and tumor mutational burden (TMB) or microsatellite instability (MSI) were calculated utilizing the Spearman’s rank correlation coefficient by the R package “fmsb”.



TME and TIME analysis

Estimation of STromal and Immune cells in MAlignant Tumours using Expression data (ESTIMATE) is an evaluation method to infer immune cells, stromal cells, and tumor purity in tumor samples according to gene expression characteristics (17). We used the R package “estimate” to obtain the infiltration levels of immune cells and stromal cells from the expression profile of GBM, and applied the Spearman’s rank correlation coefficient to evaluate their correlation with the mRNA expression level of ASB3. TISIDB (http://cis.hku.hk/TISIDB/) is an online website tool integrating a variety of data types and public databases, which provides multiple interactive information between tumor and the immune system (18). Tumor Immune Estimation Resource (TIMER) is a comprehensive tool for analyzing immune infiltrates of various cancers in a systematic way (19). TISIDB and TIMER were used to investigate the connection between ASB3 and multiple cancer immune microenvironments in the aspects of immune cell infiltration and immunosuppressor.



Gene set enrichment analysis (GSEA)

GSEA is a widely-used computational method, which can extract effective biological insights from a large number of gene expression data (20, 21). It was applied to explore the biological pathways related to the ASB3 by using mRNA expression data from TCGA and clinical samples from neurosurgical resection of GBM patients.



Functional enrichment analysis and PPI network construction

To explore the potential function of ASB3 in GBM, GSEA and Gene Ontology (GO) or Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were applied to identify signaling pathways most correlated with ASB3 by using mRNA expression data from TCGA. The protein-protein interaction (PPI) network was established by Metascape using genes negatively associated with ASB3. Cytoscape is a network visualization software program, and the plug-in Molecular COmplex DEtection (MCODE) can identify the most critical modules.



Murine glioma lines

Mice glioma cell line (GL261) was gifted from Dr. Anhua Wu (The First Hospital of China Medical University, Shenyang, China). Cells were incubated at 37°C in an incubator with a gas environment of 5% CO2, and the medium used was Dulbecco’s modified eagle medium (DMEM) (C11995500BT, Gibco) containing 10% fetal bovine serum (FB15015, Clark) and a 1% penicillin-streptomycin mixture (15140-122, Gibco). The ASB3 overexpression sequence (NM_023906.3) was constructed by Comate Bioscience Co. Ltd. The recombinant lentivirus was prepared by transfecting pLVX-IRES-ZsGreen1 Vector (PT4064-5, ClonTech), pSPAX2 and pMD2.G (Hunan Fenghui Biotechnology) into 293T cells. After the lentiviral transfection, GL261 cells were cultured in a single clone by limiting dilution.



Real-time quantitative reverse transcription-PCR

Total RNA was isolated from GL261 cells using E.Z.N.A.® Total RNA Kit I (R6834, Omega). Then, the RNA concentration was determined using a NanoDrop One Spectrophotometer (Thermo Fisher Scientific), and reverse transcription was performed to obtain cDNA (RR047A, Takara). Finally, the expression level of ASB3 was determined through RT-qPCR using the Applied Biosystems StepOne machine (Applied Biosystems) and SYBR Green (4913914001, Roche). Primers for β-actin and ASB3 were purchased from Comate Bioscience Co. Ltd., with the following sequences: β-actin-F:5’-GTGACGTTGACATCCGTAAAGA-3’; β-actin-R:5’-GCCGGACTCATCGTACTCC-3’; ASB3-F:5’-TTGAAGTATGGAGCCCAGTTA-3’; ASB3-R:5’-CCAGCAAGCAGGAGATGTG-3’. Relative quantification of the gene expression was carried out via the double delta Ct analysis.



Western blotting

GL261 cells were lysed in RIPA buffer (P0013E, Beyotime) containing protease inhibitor (BL612A, Biosharp) and phosphatase inhibitor (AR1183, Boster) cocktail. Protein concentration was measured using a BCA assay (P0010S, Beyotime). Anti-ASB3 (AP16752a, Abcepta) was used as the primary antibody, anti-GAPDH (10494-1-AP, Proteintech) was used as the control, and IRDye® 800CW Goat anti-Rabbit IgG (D10629-12, LI-COR) was used as the secondary antibody. Western blotting was detected automatically using the Odyssey Infrared Imaging System (LI-COR).



Brain tumor mice models

All in vivo experiments were conducted in accordance with protocols approved by the Animal Experimental Center of First Affiliated Hospital of Harbin Medical University and followed guidelines for animal welfare. Female C57BL/6 mice (6- to 8-week-old) were purchased from Liaoning Changsheng biotechnology co., Ltd. Mice were anesthetized and 1 × 105 GL261 or ASB3 overexpression GL261 tumor cells in a 5μL volume were intracranially injected at 2.0mm lateral to the bregma at a depth of 3.0mm below the dura mater with a sterile Hamilton syringe fitted with a 26-gauge needle. Humanitarian endpoints were reached when animals exhibited the following deficits: (i) reluctant to move, (ii) weight loss >20% body weight, (iii) hunched posture, and (iv) lethargy.



Flow cytometry analysis

Tumor-infiltrating lymphocytes (TILs) were collected from 37%, and 70% of the interface of Percoll (17-0891-09, GE Pharmacia) gradient, centrifuged at 500 × g for 30 minutes and washed once. Flow cytometry was performed using NovoCyte 2070R (Agilent Technologies). The viability of TILs was determined using the Zombie Red™ Fixable Viability Kit (423109, BioLegend). Cell surface staining antibodies, anti-CD3 (145-2C11), anti-CD4 (GK1.5), anti-CD8 (53-6.7), anti-PD-1 (RMP1-30), were purchased from BioLegend. The level of FOXP3 (Forkhead Box P3) were determined by intracellular staining using the True-Nuclear™ Transcription Factor Buffer Set (BioLegend) and anti-FOXP3 (FJK-16s, eBioscience). Appropriate isotype controls were used. All FCS data were analyzed using FlowJo 10.3 software.



Immunohistochemistry

Paraffin sections with a thickness of 4μm were dewaxed and hydration in xylene and concentration gradient ethanol. Antigen repair was performed in EDTA buffer and heated under microwave for 18 minutes. Blocking was done using 5% BSA to reduce nonspecific staining. ASB3 (bs-7736R, Bioss) primary antibody working solution was added dropwise to the slides and placed in a wet box overnight at 4°C. The following day, after treatment according to the instructions of SABC-AP kit (SA1052, Boster), the exposed ASB3 protein was labeled with 0.01% DAB chromogenic solution and the nuclei were stained with hematoxylin. The staining results were observed under a light microscope.



Statistical analysis

R software (v4.0.5) was used to analyze statistics. Identification of differentially expressed genes was assessed by Limma package with Wilcox Test (P filter = 0.05, log2FC filter = 2). The relation between various clinical characteristics of GBM patients and ASB3 expression was detected using Wilcoxon or Kruskal-Wallis tests. P < 0.05 represented significance in statistics. Experimental data are presented as mean ± SEM. Mann-Whitney tests were used to determine significant differences between two groups. Statistical analyses were performed using GraphPad Prism 9 software. P values of less than 0.05 were considered significant (*, P < 0.05; **, P < 0.01; ***, P < 0.001).




Results


Pan-cancer analysis of ASB3 expression

Through the conjoint analysis of transcriptome data of normal brain tissues from GTEx and GBM samples from TCGA, we identified 1923 differentially expressed mRNAs and 149 mRNAs related to the survival of GBM patients. ASB3 was chosen to do the next analysis (Figure 1). In comparison with normal tissues, ASB3 mRNA expression was markedly upregulated in 10 types of tumors (BLCA, COAD, CHOL, ESCA, HNSC, KIRC, LUAD, LIHC, LUSC and STAD), and was notably downregulated in 5 cancer types (LGG, GBM, KICH, PRAD and UCEC, Figure 2A). We sorted the tumor types according to the gene expression levels of ASB3 (Figure 2B). Box plots demonstrated the significant different expression distribution of ASB3 across tumor and normal samples in 15 cancer types (Figure 2C). ASB3 was dysregulated in many kinds of cancers, particularly in GBM, illustrating ASB3 might have certain functions in GBM and other cancers.




Figure 1 | Flow chart of this study. The canary yellow background indicates an independent dataset validation from GBM patients of our institution.






Figure 2 | Expression level of ASB3 in pan-cancer. (A) ASB3 is abnormally expressed in different cancer types, up-regulated in 10 cancer types and down-regulated in 5 cancer types. (B) The level of ASB3 in pan-cancer, LGG and GBM have the highest level. (C) Box plots showing the significant different expression distribution of ASB3 across tumor and normal samples in 15 cancer types. *P < 0.05, **P < 0.01, ***P < 0.001.





Pan-cancer analysis of ASB3 activity

We calculated the ASB3 gene activity of each sample by the ssGSEA algorithm and compared the ASB3 gene activity between normal and tumor groups. The results indicated that ASB3 gene activity was decreased in 4 cancer types including BRCA, GBM, THCA and UCEC, and was increased in 9 cancer types involving COAD, LGG, CHOL, LIHC, KIRP, KICH, KIRC, HNSC and PCPG compared with normal group (Figure 3A). According to the ranking of ASB3 gene activity in 33 cancer types, LGG and GBM were found to have the highest gene activity (Figure 3B). Box plots showed the significant different activity distribution of ASB3 across normal and tumor samples in 13 cancer types (Figure 3C). Based on the above results, we could infer that ASB3 plays a crucial role in GBM.




Figure 3 | Gene activity of ASB3 in pan-cancer. (A) Comparison of ASB3 gene activity in a variety of cancers, increased in 9 cancer types and decreased in 4 cancer types. (B) The gene activity level of ASB3 in pan-cancer, LGG and GBM have the highest gene activity level. (C) Box plots showing the significant different activity of ASB3 across tumor and normal sample in 13 cancer types. **P < 0.01, ***P < 0.001.





Pan-cancer survival analysis of ASB3 expression

To assess the prognostic value of ASB3, survival analysis was conducted in pan-cancer. We found that high-expressed ASB3 led to a worse prognosis in ACC, LIHC, KIRC and KICH. On the contrary, patients with high-expressed ASB3 had a better survival time in GBM, LUAD, SKCM and THYM (Figure 4). ASB3 may has diverse prognostic value in different cancers.




Figure 4 | Kaplan-Meier survival analysis of ASB3 in pan-cancer. (A) The overall Kaplan-Meier survival analysis for ASB3 in GBM, (B) ACC, (C) LUAD, (D) LIHC, (E) KIRC, (F) KICH, (G) THYM and (H) SKCM.





Correlation of ASB3 and TMB or MSI in pan-cancer

By analyzing the relationship between ASB3 expression and TMB or MSI, we found that ASB3 was positively correlation with TMB in ACC, SKCM, MESO, LUSC and BLCA, conversely with TMB in THYM, PRAD and ESCA (Figure S1A). ASB3 was positively related with MSI in UCEC, THCA, SKCM, READ, LUSC, HNSC and COAD, negatively related with MSI in TGCT, KIRP, KIRC, GBM and CESC (Figure S1B). Thus, ASB3 may be used as the judgment index of TMB and MSI.



Correlation of ASB3 expression with clinical characteristics of GBM

The TCGA RNA-seq data and clinical information were to explore the correlation between ASB3 expression and clinical features in GBM patients. The results shown that the expression level of ASB3 was lower in IDH wild-type patients (Figure S2A). ASB3 expression in classical and neural subtypes of GBM are higher than mesenchymal and proneural subtypes (Figure S2B). The expression of ASB3 is not related to radiotherapy, MGMT methylation, chemotherapy and age (Figures S2C–F).



Correlation between ASB3 and immune microenvironment of GBM

The correlation between ASB3 and pan-cancer immune microenvironment was shown by heat map (Figures S3A, S4A). In GBM, ASB3 was positively related with effector memory T cells (TEM) (r = 0.24), and negatively related with regulatory T cells (Tregs) (r = -0.379) (Figures S3B, C). ASB3 was negatively correlated with immunosuppressors TGFB1 (Transforming Growth Factor Beta 1) (r = -0.411) and PD-1 (Programmed Cell Death 1) (r = -0.263) (Figures S4B, C). The expression of ASB3 was negatively correlated with FOXP3 both in TCGA (r = -0.345) and CGGA (r = -0.216) (Figures 5A, B). ASB3 level was significantly negatively associated with Tregs and cancer-associated fibroblasts (CAFs) (Figure 5C). More than that, the results of ESTIMATE analysis demonstrated ASB3 in GBM were negatively correlated with immune score (r = -0.24) and stromal score (r = -0.35) in TCGA (Figures 6A, B). With data from our own RNA-seq, ASB3 was also negatively correlated with immune score (r = -0.61) and stromal score (r = -0.54) (Figures 6C, D). We were surprised to find that renal cell carcinoma patients with high ASB3 expression were more responsive to anti-PD-1 targeted therapy (Figure S7).




Figure 5 | The correlation of ASB3 and Tregs. (A) Correlation coefficient of ASB3 and FOXP3 in TCGA GBM data. (B) Correlation coefficient of ASB3 and FOXP3 in CGGA GBM data. (C) Correlation heatmap of ASB3 and Tregs or CAFs in pan-cancer.






Figure 6 | The correlation of ASB3 expression and TME in GBM. (A) Correlation between ASB3 and immune score in TCGA GBM data. (B) Correlation between ASB3 and stromal score in TCGA GBM data. (C) Correlation between ASB3 and immune score in independent GBM data. (D) Correlation between ASB3 and stromal score in independent GBM data.





Functional enrichment analysis of ASB3 in GBM

In the GSEA analysis of ASB3 related signaling pathways, we defined the ASB3 high expression group as ‘benign’ and the low expression group as ‘malignant’. The results showed that Oxidative Phosphorylation, Chemokine Activity, T Cell Differentiation, Immune Receptor Activity, Extracellular Matrix Structural Constituent and Collagen Fibril Organization were significantly enriched in GSEA GO terms (Figure 7). Focal Adhesion, Antigen Processing and Presentation, JAK STAT Signaling Pathway, Chemokine Signaling Pathway, Oxidative Phosphorylation and Cytokine-Cytokine Receptor Interaction were significantly enriched in GSEA KEGG terms (Figure 8). With data from our own RNA-seq, GSEA GO analysis demonstrated that B Cell Mediated Immunity, Cytokine Activity, Immunoglobulin Receptor Binding, Humoral Immune Response Mediated by Circulating Immunoglobulin, Antigen Binding and Complement Activation were significantly enriched (Figure S5). Toll Like Receptor Signaling Pathway, Lysosome, Chemokine Signaling Pathway, Cytokine-Cytokine Receptor Interaction, Cell Adhesion Molecules CAMS and Primary Immunodeficiency were significantly enriched in GSEA KEGG analysis (Figure S6). Gene functions such as Regulation of Cell Adhesion, Cytokine Signaling in Immune System and Extracellular Matrix Organization were identified by PPI (Figures 9A, B). PPI network and MCODE components designed by the gene lists were shown in Figures 9C, D.




Figure 7 | Enrichment plots from GSEA GO (TCGA). (A) T Cell Differentiation. (B) Chemokine Activity. (C) Oxidative Phosphorylation. (D) Immune Receptor Activity. (E) Extracellular Matrix Structural Constituent. (F) Collagen Fibril Organization.






Figure 8 | Enrichment plots from GSEA KEGG (TCGA). (A) Focal Adhesion. (B) Antigen Processing and Presentation. (C) JAK STAT Signaling Pathway. (D) Chemokine Signaling Pathway. (E) Oxidative Phosphorylation. (F) Cytokine-Cytokine Receptor interaction.






Figure 9 | PPI network and mRNA enrichment terms negatively correlated with ASB3. (A) Colored by cluster ID. (B) Colored by P-value. (C) PPI network. (D) MCODE components. (E) Legend of Figure 9.





ASB3 overexpression reduced the proportion of Tregs in vivo

We constructed ASB3 overexpression lentiviral plasmid to obtain stable ASB3 overexpression GL261 cell line. The overexpression was verified by RT-qPCR, western blotting and immunohistochemistry (Figures 10A, B, D). Orthotopic tumor models were established using normal GL261 cells and ASB3 overexpression GL261 cells, respectively. At the end of survival, tumors were analyzed by immunohistochemistry and TILs were harvested for flow cytometry (Figure 10C). We found that the Tregs/Tconv and Tregs/CD8+ ratios were significantly decreased in ASB3 overexpression cell model (Figures 10E, F). The negative correlation between ASB3 expression and Tregs was confirmed with in vivo experiments.




Figure 10 | The Immunological functions of ASB3 in vivo. (A) ASB3 overexpression verification at mRNA level in GL261. (B) ASB3 overexpression verification at protein level in GL261. (C) Flow chart of mice experiments. Harvesting tumor derived TILs at the end of survival period for flow cytometry analysis. (D) ASB3 expression was detected by immunohistochemical in mice tumors at the end of survival. (E) Lymphocyte grouping in TILs. Phenotypical analysis was carried out by sequentially gating live cells, CD3+ T cells, CD8+ T cells, CD4+ T cells and FOXP3+ T cells. (F) The ratios of Tregs (CD3+ CD4+ FOXP3+)/Tconv (CD3+ CD4+ FOXP3-) and Tregs (CD3+ CD4+ FOXP3+)/CD8+ T cells in TILs.






Discussion

Targeting protein degradation has been proven to be a valid strategy for cancer treatment, several components of the UPS have shown to be potential anticancer targets (22). E3s are pivotal components in ubiquitination reactions because they strictly control substrate specificity and affinity (23). E3s are closely related to tumorigenesis owing to they regulate tumor suppressors and oncogenes (24). Therefore, the substrate specificity of E3s indicates that they are promising targets of anticancer drugs (25). The association between ASB family proteins and cancers has been reported previously. Inhibition of ASB4 in PLC and MHCC97-L HCC cells hindered cell migration and invasion, when ASB4 regulated by miR-200a was ectopically expressed in Hep3B HCC cells, the enhanced migration rate was measured (26). Transfection with hASB-8 cDNA truncation mutant lacking SOCS box could suppress the cell growth of SPC-A1 cells, which indicates that this gene might be related to the development of lung adenocarcinoma (27). ASB9 expression status was an independent prognostic factor for CRC overall survival in multivariate analysis and its siRNA transfected cells showed significant high invasiveness (28).

Previous research has shown that ASB3 is a biomarker for HCC and CRC (12, 13), but little is known about its role in other cancer types to date. In this study, we performed a comprehensive bioinformatics analysis using patient data from different databases to determine the functional role of ASB3 in a variety of cancers. Among the 25 cancer types containing normal tissues, the expression of ASB3 in 15 cancer types between normal tissues and tumors was statistically significant. We found that the expression trend of ASB3 in multiple tumors was inconsistent. This situation also widely exists in other genes, which may be related to tissue specificity and TME (29, 30). ASB3 has the highest gene expression and activity in both LGG and GBM in this analysis. The KM survival curve of GBM using TCGA data clearly demonstrated that low ASB3 expression was linked to poor prognosis. We also explored the effect of ASB3 on the GBM clinical features, and the results showed that the expression of ASB3 in GBM patients with IDH mutations was higher than those with IDH wild-type, while the IDH mutations were considered to be crucial for better determining the prognosis (31). Moreover, the level of ASB3 was also distinctness in different pathological subtypes of GBM. The above results are sufficient to illustrate that ASB3 was a potential prognostic biomarker in various cancers types, especially in GBM.

In recent years, cancer immunotherapy has shown prominent clinical effects by recovering the ability of the immune system to recognize and destruct tumor cells, but only for a few tumors (32). Tumor-infiltrating immune cells play important roles in the TME, which not only provide a suitable microenvironment for the survival of tumor cells, but also are connected to the regulation of tumor immune surveillance and the response of tumor treatment (33, 34). Due to the crucial role of the immune system in protecting and battling tumors, we concentrated on the effect of ASB3 on immunity. TMB is a promising pan-cancer immunotherapeutic predictive biomarker and can lead immunotherapy to the era of precision medicine (35, 36). MSI can predict sensitivity to ICIs therapy, especially PD-1/PD-L1 inhibitors (37). Our analysis showed that ASB3 expression was correlated with TMB in 8 cancer types and with MSI in 12 cancer types. The results indicated that ASB3 have a regulatory effect on tumor immunity of several cancer types. Consequently, ASB3 may be a potential biomarker to predict the response to immunotherapy in patients with malignant tumors.

GBM is a ‘cold’ tumor due to the low number of immunoregulatory cells and high levels of immunosuppressive cells, thus it is considered to be highly resistant to immunotherapy (38). Due to the particularity of TIME, the research of GBM immunotherapy has become a major topic. By the analysis of multiple databases, we found that ASB3 was negatively correlated with Tregs, CAFs, TGFB1 and PD-1 in GBM. These factors produce a marked effect on inhibiting anti-tumor immune response and promoting tumor genesis and development in the TME. Tregs are recognized immunosuppressive cells, which can hamper protective immunosurveillance of neoplasia and hinder the effective anti-tumor immune response of tumor hosts, thereby promoting the development and progression of tumors (39, 40). Animal experiment results showed that ASB3 overexpression could reduce the proportion of Tregs in TILs. The mechanism may be related to the inhibition of TNFR2, which needs further study (14, 41). CAFs are a stromal cell population and the most important parts of the TME, activated CAFs can promote tumor growth, angiogenesis, invasion and metastasis, along with extracellular matrix (ECM) remodeling and even chemical resistance (42, 43). TGFB1 can suppress the generation, differentiation and function of effector T cells, induce Tregs to enter the TME and prevent the maturation of Dendritic cells (DCs) (44, 45). Antibodies targeting PD-1 or its ligand PD-L1 rescue T cells from exhausted status and restore immune response against cancer cells (46, 47). Ubiquitination and deubiquitination of PD-1/PD-L1 play important roles in the regulation of PD-1/PD-L1 protein stability and dynamics (48). To sum up, it can be inferred that ASB3 can be used as a potential indicator for GBM immunotherapy, which is helpful for individualized treatment.

The GSEA results suggested that ASB3 was closely linked to many important cancer and immune signaling pathways, mainly including cytokine, chemokine, antigen processing and presentation, focal adhesion and oxidative phosphorylation. The complex and dynamic interactions of the secreted cytokines, chemokines, growth factors, and their receptors mediate chronic inflammation and immunosuppressive TME, which contributes to the progression, metastasis and reduced response to treatment of tumors include GBM (49, 50). Antigen processing and presentation is a complex process that can be used by tumors to escape immune recognition. These mechanisms include the regulation of antigen expression, the surface level of HLA-I, and the changes of antigen processing and presentation mechanism in tumor cells (51, 52). Focal adhesion is a multifunctional organelle that mediates cell ECM adhesion, cytoskeleton regulation and signal transduction (53). Focal adhesion kinase (FAK) is a protein that mainly regulates adhesion signal transduction and cell migration. Researchers found that the activity of FAK was elevated in PDAC, and related with low CD8+ T cell infiltration and high fibrosis (54, 55). Previous study has found that HIF-1α acts as a metabolic switch for Tregs between glycolytic-driven migration and oxidative phosphorylation-driven immunosuppression in GBM (56). Our study discovered that the level of oxidative phosphorylation in ‘malignant’ group decreased. This implies that the effect of ASB3 on immune microenvironment might be via regulating metabolism.

In summary, our results indicated that ASB3 was aberrantly expressed in various cancers and significantly correlated with the prognosis of cancer patients. For different cancers, ASB3 expression will bring different prognosis outcomes, which is necessary to further study the specific role of ASB3 in each cancer. The level of ASB3 was related to the TMB, MSI and immune cell infiltration in some cancer types. ASB3 expression showed closely connect with the infiltration of immune cells into the TME in GBM, and it had been preliminarily verified in the mice model. ASB3 was identified as a promising biomarker for the prognosis prediction of GBM, and it could provide a reference for the realization of more precise and individualized immunotherapy in the future.
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Supplementary Figure 1 | The correlation of ASB3 expression and TMB or MSI in pan-cancer. (A) Correlation coefficient between ASB3 expression and TMB, positively in 5 cancer types and negatively in 3 cancer types. (B) Correlation coefficient between ASB3 expression and MSI, positively in 7 cancer types and negatively in 5 cancer types. *P < 0.05, **P < 0.01, ***P < 0.001.

Supplementary Figure 2 | The correlation analysis between ASB3 expression and clinical features of GBM. (A) IDH mutation status. (B) Subtypes of GBM. (C) Radiotherapy status. (D) MGMT promoter methylation status. (E) Chemotherapy status. (F) Age.

Supplementary Figure 3 | The correlation of ASB3 expression and immune cell infiltration. (A) Correlation heatmap between ASB3 and immune cell infiltration in pan-cancer. (B) Spearman correlation test of ASB3 expression and TEM in GBM. (C) Spearman correlation test of ASB3 expression and Tregs in GBM.

Supplementary Figure 4 | The correlation of ASB3 expression and immunosuppressors. (A) Correlation heatmap between ASB3 and immunosuppressors in pan-cancer. (B) Spearman correlation test of ASB3 expression and TGFB1 in GBM. (C) Spearman correlation test of ASB3 expression and PD-1 in GBM.

Supplementary Figure 5 | Enrichment plots from GSEA GO (Independent cohort). (A) B Cell Mediated Immunity. (B) Cytokine Activity. (C) Immunoglobulin Receptor Binding. (D) Humoral Immune Response Mediated by Circulating Immunoglobulin. (E) Antigen Binding. (F) Complement Activation.

Supplementary Figure 6 | Enrichment plots from GSEA KEGG (Independent cohort). (A) Toll Like Receptor Signaling Pathway. (B) Lysosome. (C) Chemokine Signaling Pathway. (D) Cytokine-Cytokine Receptor Interaction. (E) Cell Adhesion Molecules CAMS. (F) Primary Immunodeficiency.

Supplementary Figure 7 | Correlation of ASB3 expression and immunotherapy response in human renal cell carcinoma.
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Study Therapy tested Control or com-  Number of patients Median Median Other outcomes
parator therapy os PFS
(months)  (months)

Marcus Skribek  ICI None 51 5.7 19 iPFS=2.5months
et al. (85)
Guowei Zhang Nivolumab None With BM: 32; 14.8 28 ORR=20.0%; DCR=53.1%; DOR=9.8
et al. (86) months
Without BM: 41 20.2 4.9 ORR=19.5%;DCR=56.1%;DOR=28.8
months;
Konstantinos PD-1/PD-L1 inhibitors None 24 6.77 Not Median duration of intracranial response
Rounis et al. (87) reported  (months): 7.53 Intracranial TTP (months):
43
Kazushige Pembrolizumab None With BM: 23; 216 6.5 ORR: 57%
Wakuda et al. Without BM: 64; 24.6 7.0 ORR: 42%
(88)
Sarah B Pembrolizumab None 37 9.9 1.9 Median TTP=1.8 months; RR=29.7%;
Goldberg et al.
(58)
Lucio Crind et al. ~ Nivolumab None 409 8.6 3.0 ORR: 17%; DCR: 39%; One year PFS:
(89) 20%; One year OS: 43%;
Diego Cortinovis ~ Nivolumab None 37 5.8 4.9 ORR: 19%; DCR: 49%; OS rate at 1 year:
et al. (90) 35%; PFS rate at 1 year: 31%;
Clément Gauvain  Nivolumab None 43 Not 3.9 Intracerebral DCR: 51%;
etal. (91) reached
Anna Cho etal. ~ GKRS +ICI GKRS alone GKRS alone: 286; 5.6 Not none
(92) GKRS+ICI: 82 24.2 reported
Matthew J ICI+SRS SRS alone ICI+SRS: 17 Not Not 12-month CR: 84.9%,; rate of peritumoral
Shepard et al. reached reported  edema progression: 11.1%
(93) SRS alone: 34 159 12-month CR: 76.3% rate of peritumoral
edema progression: 21.7%
Charu Singh anti-PD-1 therapy + SRS chemotherapy (CT) ICI group: 39 10 Not Median times to initial response: 49;
et al. (94) (ICI group) + SRS (CT group) reported  Median time to maximal response: 105
CT group: 46 1.6 Median times to initial response:84; Median
time to maximal response: 182
Linda Chen etal. SRS + non- concurrent ICl; SRS alone SRS alone: 181 129 3.7 Mean number of new metastases: 4
(95) SRS + Concurrent ICI; (NSCLC 79%);
SRS + non- concurrent 14.5 23 Mean number of new metastases: 4
ICl: 51 (NSCLC 69%);
SRS + Concurrent ICl: 24.7 2.3 Mean number of new metastases: 2
28 (NSCLC 7%);
Chenglong Sun  ICI + chemotherapy; ICl + ICl alone ICl alone: 30 27.43 Not Combination therapy produced better
et al. (96) anti-angiogenic therapy ICI + chemotherapy: reported  survivals than monotherapy
29
ICI + anti-angiogenic
therapy: 10
Muhammad carboplatin/pemetrexed plus  carboplatin/ Cohort A: 12 Not 4.1 ORR:58.3%; DCR: 75%; Median time to
Zubair Afzal et al.  pembrolizumab (Cohort B)  pemetrexed reported achieve response: 1.67 months;
97) (Cohort A) Cohort B: 5 Not Not ORR:80%; DCR: 80%; Median time to
reported reached  achieve response: 1.1 months;
Steven F Powell  Pembrolizumab + Platinum- ~ Chemotherapy Pembrolizumab + 18.8 6.9 Incidences of treatment-related adverse
et al. (98) Based Chemotherapy alone chemotherapy: 105 events: 88.2%
Chemotherapy alone: 76 4.1 Incidences of treatment-related adverse
66 events: 82.8%

NSCLC, non-small cell lung cancer; BM, brain metastasis; OS, overall survival; PFS, progression-free survival; ICI, immune checkpoint inhibitor; iPFS, intracranial progression-free survival;
ORR, objective response rate; DCR, disease control rate; DOR, duration of response; PD-1, programmed death 1; PD-L1, programmed cell death ligand 1; TTP, time to progression; RR,
response rate; GKRS, gamma knife radiosurgery; SRS, stereotactic radiation surgery; CR, control rate; DBF, distant brain failure.
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NSCLC BM breast cancer BM
Median number of tumors per 3(1-6) 3(1-11)
patient
Median single tumor volume in 0.06 0.01
cc

Preference of distribution the infratentorial area, structures supplied by the posterior

frontal lobe circulation areas
Common Mutations EGFR, ALK, KRAS, RET, HER2, PR, ER
ROS-1
Median OS in Months 50, 16 10.0-15.0
Median age of the patients 62 48.8
(vear)
Common biomarker in ICI PD-L1 PD-L1

melanoma Glioblastoma
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2(1-6) 1
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supratentorial  supratentorial area (frontal, temporal, parietal and

area occipital lobes)
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25-6.0 11.4-15
60 64
PD-L1, CTLA- None
4

NSCLC, non-small cell lung cancer; BM, brain metastasis; OS, overall survival: EGFR, epidermal growth factor receptor; ALK, anaplastic lymphoma kinase; KRAS, Kirsten rat sarcoma viral
oncogene homolog; RET, rearranged during transfection; ROS-1, c-ros oncogene 1; HER2, Human epidermal growth factor receptor 2; PR, progesterone receptor; ER, estrogen
receptor; BRAF, v-raf murine sarcoma viral oncogene homolog B1; NRAS, neuroblastoma RAS viral oncogene homolog; PTEN, phosphatase and tensin homolog; TP53, Tumor Protein

P53: CDKIN2A, Cyclin Dependent Kinase Inhibitor 2A.
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Promote the survival of metastasis and increase the resistance of chemotherapy

TME, tumor microenvironment; NSCLC, non-small cell lung cancer; type 1 T helper; TiLs, tumor Infiltrating Lymphocytes; TAMs, tumor associated macrophages; DC, dendiitic cell;

VCAM1, vascular cell adhesion molecule 1; pSTAT3, Phosphoryiated transducer and activator of transcription:

D-L1, programmed death ligand 1; EVs, extracellular vesicles.
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Characteristics Total (N) Odds ratio (OR) p-value
WHO grade (G4 vs. G2 and G3) 635 10.482 (6.656-17.150) <0.001
1p/19q codeletion (noncodel vs. codel) 689 4.732 (3.207-7.117) <0.001
Primary therapy outcome (PD vs. CR and PR and SD) 462 1.682 (1.091-2.592) 0.018
IDH status (WT vs. Mut) 686 10.629 (7.273-15.836) <0.001
Histological type (glioblastoma vs. astrocytoma and oligoastrocytoma and oligodendroglioma) 696 9.529 (6.084-15.516) <0.001
Gender (male vs. female) 696 1.098 (0.813-1.484) 0.540
Age (>60 vs. <60) 696 3.237 (2.182-4.882) <0.001
Race (White vs. Asian and Black or African American) 683 0.920 (0.502-1.676) 0.784
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GSE147352 GSE147352
Gene name Gene name cor_spearman p-value Gene name Gene name cor_spearman p-value
MXRA8 IL12A -0.422 0.007 MXRA8 IL12A -0.190 0.002
NOS2 -0.011 0.948 TNF -0.041 <0.001
IL10 0.163 0.007 CSF1R 0.331 0.025
PTGS2 0.343 0.322 PTGS2 0.350 <0.001
CSF1R 0.412 0.016 IL10 0.471 <0.001
TGFB1 0.491 0.038 AlF1 0.557 <0.001
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Exosomal
miRNAs

miR-320
miR-574-3p
RUN6-1
miR-182-5p
miR-328-3p
miR-339-5p
miR-340-5p
miR-485-3p
miR-486-5p
miR-543
miR-21
miR-222
miR-124-3p
miR-766-5p

miR-301a
miR-454-3p
miR-210

miR-181b
miR-182-5p
miR-223-3p
miR-34a-5p
miR-497-5p
miR-375
miR-210
miR-449
miR-5194
miR-2276-5p

miR-21
miR-21

miR-182-5p

miR-1246
miR-9-5p

miR-151a
miR-574-3p
miR-21
miR-222
miR-124-3p

Sample type

serum

serum

serum

serum
serum
serum
serum

serum
serum

plasma
Plasma

Plasma

CSF
CsF

Serum and
CSF

CSF
Serum and
CSF

CSF
serum
Serum

Expression
status

1

[N P DI

Clinical value

diagnostic biomarker for GBM*

diagnostic biomarker for GBM

diagnostic biomarker for HGG*
diagnostic biomarke for grade prediction (HGG over LGG™, miR-21)

diagnostic biomarker for discriminating HGG over intracranial lymphoma

diagnostic biomarker for glioma

prognostic biomarker for poor OS

diagnostic biomarker for glioma

prognostic biomarker for poor survival

diagnostic biomarker for glioma and grade prediction (high grade over low grade)
prognostic biomarker for recurrence and poor OS

prognostic biomarker for shorter post-surgical survival time

prognostic biomarker for LGG

diagnostic biomarker for glioma
diagnostic and prognostic biomarker showing association with histopathological grade (GBM
over LGA™)

diagnostic biomarker for glioma and grade prediction (HGG over LGG)

Prognostic biomarker for better OS

diagnostic biomarker for GBM

diagnostic biomarker for discriminating glioma patients over non-tumor brain disease
diagnostic biomarker for grade prediction (GBM over grade Il gliomas)

prognostic biomarker for poor survival

diagnostic biomarker for glioma and grade prediction (HGG over LGG)

prognostic biomaker for glioma

prognostic biomarker for recurrence

prognostic biomaker for poor survival

predictive biomarker for TMZ* response
predictive biomarker for the effect of radiotherapy for glioma patients
predictive biomarker for therapy response in post-surgical following-up

Reference

(107)

(108)

(109)

(110)

117)
(118)
(119)
(36)

(49)
(120)

@1
(121)
(122)

*glioblastoma multiforme.

“high-grade glioma.
“low-grade glioma.
“overall survival.

“Vow-grade astrocytoma.

*cerebrospinal fluid.
Temozolomide.
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Exosomal miRNAs Donor cells/recipient cells Targets Anti-glioma effects References
miR-302-367 GSC™/GSC Cyclin D1, CyclinA, E2F1, CXCR4 Suppressing proliferation (135)
pathway
a miR-21-sponge HEK-293T/U87-MG PDCD4 and RECK Suppressing proliferation (136)
construct Increasing apoptosis
miR-124a MSCs*/ GSCs (FOX)A2 Suppressing proliferation (137)
miR-512-5p BMSCs®/GBM cells JAGT Suppressing proliferation (138)
Inducing cell cycle arrest
miR-29a-3p MSC/glioma cells ROBO1 Suppressing migration and VM (139)
miR-7 MSCs/GBM™ cells XIAP Enhancing TRAIL sensitivity (140)
Increasing apoptosis and suppressing tumor
growth
miR-146b Marrow stromal cells/ glioma EGFR, NF-xB and SMAD4 Suppressing growth, invasion and migration (141)
cells
miR-133b MSC/glioma cells EZH2 Suppressing proliferation, invasion and migration (142)
miR-584-5p MSC/glioma cells CYP2J2 Suppressing proliferation and migration (143)
MMP-2 Suppressing metastasis
Bcl-2 and Bax Induce glioma cells apoptosis
miR-375 Marrow stromal cells/ glioma SLC31A1 Suppressing proliferation, migration, invasion (144)
cells Increasing apoptosis
miR-199a MSC/glioma cells AGAP2 Suppressing proliferation, invasion and migration (145)
Enhancing chemosensitivity to TMZ
miR-124 WJ-MSC*/GBM cells CDK6 Suppressing proliferation (146)

“glioma stem-like cells.

“ilmesenchymal stem cells.
“*bone mesenchymal stem cells.
“glioblastoma.

I\Wharton’s jelly MSCs.

IQGAP1, LAMCH, ITGB1
R-Ras and N-Ras

Suppressing migration
Increasing chemosensitivity to TMZ
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PARP inhibitors

Olaparib

Rucaparib

Niraparib

Talazoparib

FDA-approved cancers

Advanced ovarian cancer

Primary peritoneal cancer

HER-2 negative metastatic breast cancer

Metastatic pancreatic adenocarcinoma

Metastatic castration-resistant prostate cancer(mCRPC)
Ovarian cancer

Recurrent epithelial ovarian

Primary peritoneal cancer

Metastatic castration-resistant prostate cancer(mCRPC)
Primary peritoneal cancer

Advanced ovarian

Primary peritoneal cancer

HER-2 negative locally advanced or metastatic breast cancer

Year of approval

2014
2017
2018
2019
2020
2016
2018

2020
2017
2019

2018
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Exosomal miRNAs Donor cells/recipient cells Targets Biological functions References
miR-301a GBM cells/low grade H4 glioma cells PTEN Promoting proliferation and invasion (24)
miR-1587 GA-hMSCs'/GSCs" NCOR1 Promoting proliferation (25)
miR-7239-3p M2 microglial/glioma cells Bmalt Promoting proliferation and invasion (26)
miR-130b-3p mono-macrophages/MB" cells SIK1 Suppressing proliferation, migration and invasion 27)
miR-101-3p mono-macrophages/MB cells FOXP4 (common target) Suppressing proliferation, migration and invasion (28)
miR-423-5p EZH2 (target gene of miR-  Promoting apoptosis
101-3p)
148a GBM cells /GBM cells CADM1 Promoting proliferation and metastasis (29)
1246 hypoxic glioma cells/normoxic glioma FRK Promoting migration and invasion (30)
10b-5p cells TFAP2A
miR-181a-5p, miR-125b-5p, Group 3 MB cells/ SHH MB cells ERK Promoting invasion and migration 31)
let-7b-5p
miR-15a M2 macrophage/glioma CCND1 Suppressing migration and invasion 32)
miR-92a RAP1B
miR-1 GBM cells/HBMVECY ANXA2 Suppressing angiogenesis and invasion 33)
miR-9 glioma cells / HUVECs"' COL18A1, THBS2, Promoting proliferation, migration, invasion and (34)
PTCH1, PHD3 angiogenesis
miR-148a-3p glioma cells/HUVECs ERRFI1 Promoting angiogenesis and proliferation (35)
miR-182-5p GBM cells’"HUVECs KLF2 and KLF4 Promoting angiogenesis (36)
miR-21 GSC/HBMVEC VEGF Promoting angiogenesis 37)
miR-26a GSCs/HBMECs PTEN Promoting proliferation, migration and (38)
angiogenesis
miR-944 GSCs/HUVECs VEGFC Suppressed proliferation, migration and (39)
angiogenesis
miR-1238 TMZ""-resistant cells/TMZ-sensitive cells  CAV1 Promoting resistance to TMZ (40)
Enhancing anti-apoptosis
miR-151a TMZ-resistant GBM cells/TMZ-sensitive ~ XRCC4 Increasing chemosensitivity to TMZ 41)
GBM cells
miR-221 glioma cells/glioma cells DNM3 Promoting proliferation, migration and TMZ (42)
resistance
miR-301a hypoxia glioma cells/normaxia-cultured ~ TCEAL7 Promoting radiation resistance (43)
glioma cells
miR-451 glioma cells/microglia or macrophages c-Myc Promoting proliferation and immunosuppression (44)
miR-214-5p GBM Cells/ microglia cells CXCR5 Creating a tumor-supportive milieu (45)
miR-1246 hypoxia glioma cells /macrophages TERF2IP Promoting immunosuppression (46)
Promoting proliferation and metastasis
miR-10a hypoxic glioma cells/MDSC*™" Rora/IxBo/NF-xB, Promoting immunosuppression 47)
miR-21 Pten/PIBK/AKT pathways
miR-29a hypoxia glioma cells /MDSC Hbp1 Promoting immunosuppression and proliferation 48)
mir-92a Prkar1a
miR-1246 (hypoxia) glioma cells/PBMCs™ DUSP3 Promoting immunosuppression (49)
Glioblastoma.

'glioma related-mesenchymal stem cells.

iglioma stem-like cells.
“medulloblastoma.

human brain microvascular endothelial cells.
“human umbilical vein endothelial cells.

“ITemozolomide.

v,

'myeloid-derived suppressor cells.

*peripheral blood mononuclear cells.
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Variables

Age

<=40

>40

Gender

Female

Male

Survival status
Alive

Dead

Grade

WHOIl

WHOIll

IDH mutation
Mutant

Wildtype

1p19q codeletion
Codel

Non-codel
Histological type
Astrocytoma
Oligoastrocytoma
Oligodendroglioma

TCGA CGGA

Total PD-L2Migh PD-L2"% P-Value Total PD-L2"ish PD-L2"% P-Value
248 121 (48.4%) 127 (49.8%) 0.752 189 98 (51.9%) 77 (50.7%) 0.826
257 129 (51.6%) 128 (50.2%) 152 91 (48.1%) 75 (49.3)

226 111 (44.4%) 115 (45.1%) 0.875 150 77 (40.7%) 73 (48.0%) 0.178
279 139 (55.6%) 140 (54.9%) 191 112 (59.3%) 79 (52%)

382 170 (68.0%) 212 (83.1%) <0.001 173 82 (43.4%) 91 (59.9%) 0.002
123 80 (32.0%) 43 (16.9%) 168 107 (56.6%) 61 (40.1%)

245 104 (41.6%) 141 (55.3%) 0.002 140 78 (41.3%) 62 (40.8%) 0.929
260 146 (58.4%) 114 (44.7%) 201 111 (68.7%) 90 (59.2%)

411 168 (67.2%) 243 (95.3%) <0.001 261 131 (69.3%) 130 (85.5%) <0.001

94 82 (32.8%) 12 (4.7%) 80 58 (30.7%) 22 (14.5%)

167 15 (6.0%) 152 (59.6%) <0.001 105 24 (12.7%) 81 (53.3%) <0.001
338 235 (94.0%) 103 (40.4%) 236 165 (87.3%) 71 (46.7%)

190 139 (55.6%) 51(20.0%) <0.001 227 152 (80.4%) 75 (49.3%) <0.001
127 65 (26.0%) 62 (24.3%) 66 19 (10.1%) 47 (30.9%)

188 46 (18.4%) 142 (55.7%) 48 18 (9.5%) 30(19.7%)
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Predictor

Age

(>40)

Gender

(Male)

WHO grade

(I vs 1)

IDH mutation
(Wildtype)

1p/19q codeletion

Histological type

PD-L2

TCGA CGGA
Univariate analysis Multivariate analysis Univariate analysis Multivariateanalysis
HR P-value HR P-value HR P-value HR P-value
(95%Cl) (95% CI) (95% CI) (95% Cl)
2.889 <0.001 2.942 (1.890-4.580) <0.001 1.150 0.367
(2.009-4.155) (0.849-1.556)
1.124 (0.800-1.580) 0.499 1.276 0.123
(0.936-1.739)
3.059 (2.046-4.573) <0.001 1.992 (1.277-3.107) 0.002 3.041 <0.001 3.159 <0.001
(2.128-4.347) (2.191-4.555)
5.385 (3.777-7.679) <0.001 2.965 (1.813-4.848) <0.001 2078 <0.001 1.573 0.015
(1.493-2.892) (1.091-4.555)
0.401 (0.256-0.629) <0.001 0.816 (0.431-1.546) 0.533 0377 <0.001 0.595 0.094
(0.256-0.555) (0.324-1.098)
0.577 (0.392-0.848) 0.005 1.092 (0.642-1.856) 0.745 0511 <0.001 0.820 0.365
(0.394-0.662) (0.535-1.259)
2794 (2.163-3.610) <0.001 1.939 (1.355-2.775) <0.001 1.738 <0.001 1.384 0.006
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Strategies Interventions Results Tumors Phase Reference/
NCT
TTFields TTFields plus temozolomide VS TTFields plus temozolomide improve PFS and OS significantly Glioblastoma 1} NCT00916409
temozolomide alone
Checkpoint  nivolumab VS bevacizumab Nivolumab failed to improve OS Recurrent n NCT02017717
Inhibitor Glioblastoma
Neoadjuvant pembrolizumab Neoadjuvant extended OS and enhanced both the local and Recurrent / Cloughesy
systemic antitumor immune response Glioblastoma etal. (4)
Vaccine Rindopepimut (CDX-110), a vaccine  Rindopepimut did not increase OS Glioblastoma n NCT01480479
targeting EGFRvIll
peptide vaccine (IDH1-vac) targeting  IDH1-vac increased PFS and immune responses, but accompanied ~ Grade Ill and IV | NCT02454634
mutant IDH1 by a high frequency of pseudoprogression Astrocytomas
autologous dendritic cell vaccine ICT-107 significantly improved PFS Glioblastoma I NCT01280552
ICT-107
Oncolytic intratumoral infusion of polio- PVSRIPO therapy increased OS Recurrent | NCT01491893
Virus rhinovirus chimera (PVSRIPO) malignant Glioma
intratumoral injection of oncolytic DNX-2401 resulted in dramatic responses with long-term survival Recurrent |
adenovirus (DNX-2401) malignant Glioma NCT00805376
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KIR2DL1(CD158a) C2(-Cw2, -Cwé, -Cw5, -Cwb)
KIR2DL2/3(CD15801/02) C1(-Cw1, -Cwa, -Cw7, -Cw8)
KIR3DL1(CD158¢1) Bw4(-B27, -B51)

AEach group compromises different numbers of alleles, which differ by 1-9 nucleotide
substitutions (22).

°Two groups of HLA-C alleles are distinguished by dimomphic positions Ser 77-Asn 80
(C1) and Asn 77-Lys 80 (C2) of the a1 helix (23). HLA-B allotypes share the Bw4
sequence motif at positions 77-83 of the a1 helix (22).
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Targets NK Source CAR construct Tumors Phase Reference/NCT
EGFRuvIII NK92 cell line scFv-CD28TM+IC-CD3¢ Glioblastoma / GenBler et al. (118)
EGFRvIIl YTS NK cell line scFv-DAP12 TM+IC Glioblastoma / Muiller et al. (90)
EGFRuvIIl KHYG-1 NK cell line scFv-CD28 TM+IC-CD137-CD3(¢ Glioblastoma / Murakami et al. (119)
EGFRuvIII NK92 cell line scFv-CD28 TM+IC-CD3¢ Glioblastoma /i Han et al. (120)
HER2 NK92 cell line scFv-CD3 TM+IC Glioblastoma / Alkins et al. (121)
HER2 NK92 cell line scFv-CD28 TM+IC-CD3¢ Glioblastoma / Zhang et al. (122)
HER2 NK92 cell line scFv-CD28-CD3¢ Glioblastoma | NCT03383978
HER2 NKO2 cell line Unknown Glioblastoma | NCT03383978
MUC1 Unknown Unknown High Grade Glioma 1 NCT02839954
None PBMCs None High Grade Glioma | NCT04254419
None PBMCs None Glioma | NCT00909558
None Placenta None High Grade Glioma | NCT04489420
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™Z ROS induction Activation
T™Z + CQ PARP cleavage, apoptosis induction Inhibition
ROS induction Inhibition
Induction of p53-dependent apoptosis and cell cycle Inhibition
arrest
Induction of toxicity Inhibition
T™MZ + HCQ Induction of toxicity Inhibition
TMZ + SAHA + CQ Induction of apoptosis, H3 and H4 histone acetylation Inhibition
TMZ + Curcumin + CQ  Induction of DNA damage, inhibition of PI3K/AKT ERK1/2 Inhibition
TMZ + Irradiation Increase of Beclin-1, ATG5 Activation
TMZ + THC + CBD Induction of autophagy-associated apoptosis and toxicity Activation
TMZ + CA Induction cell cycle arrest and apoptosis, inhibition of p- Activation
AKT
TMZ + GDC-0941 Induction of cell cycle arrest and apoptosis, inhibition of p- Activation
AKT and MGMT
TMZ + MTB Induction of apoptosis, inhibition of JAK2/STAT3 Activation
CQ + Galunisertib Inhibition of TGF-B2-induced autophagy Inhibition
CQ + BAFA1 ROS induction Inhibition
2DG + CP ER stress induction, induction of apoptosis Inhibition
IM + TIC Induction of non-apoptosis cell death via AC/cCAMP/ Activation
EPACT1 signaling pathway
Erlotinib + Sorafenib Inhibition AKT and ERK signaling Activation
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In vivo: U251
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(233)
(236)
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(238)
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(240)
(41)

(179)
(242)
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(243)

TMZ, temozolomide; CQ, chloroquine; HCQ, hydroxychloroquine; SAHA, suberoylanilide hydroxamic acid; THC, delta-9-Tetrahydrocannabinol; CBD, cannabidiol; CA, carnosic acid;

MTB, momelotinib; BAFA1, bafilomycin A1; 2DG, 2-deoxy-D-glucose; CP, cisplatin; IM, imipramine; TIC, ticlopidin.
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Tumor-infitrating PD-1* lymphocytes are correlated with tumor-infitrating
CD8* PD-1* cells.

There s no statistically significant association between diffuse/fbrilary PD-L1
and tumor-infirating CD8* T-cells

There s no statistically significant association between membranous PD-L1
and tumor-infiltrating CD8* T-cells.

There is no statistically significant association between tumoral PD-L1 and
tumor-infiltrating CD8" T-cells.

The PD-L1 expression is inversely correlated with tumor-infiltrating CD8* T-
cells.

The low expression of PD-L1 and high level of tumor-infirating CD8" T-cells
are associated with improved OS.

The survival rate of patients with low PD-L1 expression and low CD8"
infiltration is similar to those with high PD-L1 expression and low CD8"
infitration.

A high PD-1*tumor-infilirating CD8* T-cell ratio is associated with worse OS.
A high PD-1*/tumor-infiltrating CD8"* T-cell ratio is associated with worse
PFS.

A high PD-1*/tumor-infirating CD8* T-cell ratio is not statistically associated
with OS.

A high PD-1*/tumor-infiltrating CD8* T-cell ratio is not statistically associated
with PFS.

The PD-1*/tumor-infitrating CD8* T-cell ratio is inversely associated with OS.
The PD-1*/tumor-infiltrating CD8* T-cell ratio is inversely associated with
PFS.

P-value

P<0.001

P=0.068

P=0.380

P=0.4959

P=0.0003

P<0.05

P<0.05

P<0.001

P=0.01

P-value =

0.23

P=0.44

P<0.001
P=0.02

HR, and 95% CI

Not appiicable
Not appiicable

Not applicable

Not appiicable

Not applicable

Not provided

Not provided

11.382, and 3.320-36.707
3.458, and 1.304-9.174
0567, and 0.224-1.437
1.206, and 0.753-1.929

Not appiicable
Not appiicable

OR, C1 95%

Not applicable
Not applicable
Not applicable
3, and 0.1270 -
70.8770

Not applicable
Not applicable
Not applicable
Not applicable
Not applicable
Not applicable

Not applicable

Not applicable
Not applicable

Not provided
Not provided
Not provided
Not provided
r=-0.5064
Not appiicable
Not appiicable
Not appiicable
Not applicable
Not appiicable
Not appiicable

r=-0.655
r=-0444

0S, Overall survival: PD-L 1, Programmed death-ligand 1; PFS, Progression-free survival: PD-1, Programmed cell death protein 1; HR, Hazard ratio; Cl, Confidence interval: and CD, Cluster of differentiation.
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First author, year  Country
Su, 2020 (16) China
Nambirajan, 2019 (24) India
Jan, 2018 (21) Taiwan
Plant, 2018 (22) USA
Zhang, 2017 (23) China
Miyazaki, 2017 (15)  Japan
Berghoff, 2015 (20)  Austria

Sample

a7

52

47

27

Glial tumor

Glioblastoma

High-grade
ependymoma
Giioblastoma

High-grade
glioma
Glioblastoma

Glioblastoma

Glioblastoma

Endpoint (s)

08 of tumor-infitrating CD8* T-cells and PD-
L1 and the association between PD-L1 and
tumor-infiltrating CD8" T-cells

The association between PD-L1 and tumor-
infiltrating CD8* T-cells

The OS and PFS of tumor-infiltrating CD8"* T-
cells and PD-L1

The OS of PD-L1 and tumor-infitrating CD8*
T-cels

‘The association between PD-L1 and tumor-
infitrating CD8" T-cells

The ciinical significance, OS, PFS, and survival
from the second surgery of PD-L1 and tumor-
infitrating CD8* T-cells

The association and clinical significance of
tumor-infitrating CD8* T-cells and PD-L1

Cancer treatment record

Surgery

Radio/chemotherapy

Resection, chemo-radiotherapy,
with/without autologous dendritic
cell/tumor antigen vaccine

Not appropriately provided.

Not specifically categorized.

Treated with surgery, radiation,
temozolomide, and four patients
received a cancer vaccine

Exoept for the five unknown
patients, others were on
chemotherapy/investigational agents.

0S, Overall survival: PD-L1, Programmed death-ligand 1; PFS, Progression-free survival: and CD, Cluster of diflerentiation.

CD8+ T-cells cut-off

More than 10 CD8+ T-cells in
high-power field

More than 6 CD8" T-cells/
mm? in high power filed
Not clearly mentioned

Not clearly mentioned

Based on pathological
scoring
Based on pathological
scoring

Based on pathological
scoring

PD-L1 cut-off PD-L1
antibody for

staining

Based on intensity EPR1161 (2)
and reactivity

1% SP263
5% EPR1161
Based on positivity  20E.2A3
intensity
Not clearly defined 28-8
25% 288
5% 5H1
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First author, year

Berghoff, 2015 (20)

Berghoff, 2015 (20)

Miyazaki, 2017 (15)
Berghoff, 2015 (20)

Berghoff, 2015 (20)

Berghoff, 2015 (20)

Berghoff, 2015 (20)

Miyazaki, 2017 (15)

Country Sample
size

Austria

Austria

Japan
Austria

Austria

Austria

Austria

Japan

135

135

16

135

135

135

135

16

Clinical significance of the axis

The level of tumor-infiltrating CD8* T-cells is not
statistically significantly different in newly diagnosed
and recurrent tumors.

There is no statistically significant correlation between
being older/younger than 65 years old and the level of
tumor-infiltrating CD8" cells.

The level of tumor-infiltrating CD8* cells is significantly
increased in the second removal.

Diffuse/fibrillary PD-L1 is not statistically associated
with tumor recurrence.

There is no statistical correlation between being older/
younger than 65 years old and diffuse/fibrillary PD-L1
expression.

There is no statistical correlation between being older/
younger than 65 years old and membranous PD-L1
expression.

Membranous PD-L1 expression is more pronounced in
initial glioblastoma tumors than recurrent ones.

There is no statistically significant difference between
membranous PD-L1 in the initial and second resection.

PD-L1, Programmed death-ligand 1; and CD, Cluster of differentiation.

P-value

0.1038

0.376

0.009

0.411

0.383

0.612

0.034

0.187

Cancer treatment history

Except for the five unknown patients, others were on
chemotherapy/investigational agents.

Except for the five unknown patients, others were on
chemotherapy/investigational agents.

Treated with surgery, radiation, temozolomide, and
four patients received a cancer vaccine

Except for the five unknown patients, others were on
chemotherapy/investigational agents.

Except for the five unknown patients, others were on
chemotherapy/investigational agents.

Except for the five unknown patients, others were on
chemotherapy/investigational agents.

Except for the five unknown patients, others were on
chemotherapy/investigational agents.

Treated with surgery, radiation, temozolomide, and
four patients received a cancer vaccine
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coef exp(coef) se(coef) z P
AC091878.1 -1.3674 0.2548 0.3093 -4.421 9.84e-06
LINC00632 0.5022 1.6523 0.2221 2.261 0.02377
PAXIP1-AS2 0.7085 2.0310 0.1832 3.866 0.00011
RP11-157J24.2 0.3221 1.3801 0.1211 2.660 0.00782
RP11-158M2.3 -0.4040 0.6676 0.1013 -3.988 6.67e-05
RP11-303E16.2 0.7230 2.0605 0.1684 4.294 1.76e-05
RP11-108L7.15 -0.8362 0.4334 0.3211 -2.604 0.00922
CTD-2377017.1 -0.6980 0.4976 0.2523 -2.767 0.00566
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Age
Gender
WHO

CGrade
IDH mutation

1p19q codeletion

MGMT-nip methylation

240

<40

Female

Male

Il

I

Mutant
Wildtype

NA

Codeletion
Non-codeletion
NA

Methylated
Non-methylated
NA

TCGA LGG (n = 504)

Cases

267
237
280
224
245
259
407
97

163
341

416
88

Percentage

53.0%
47.0%
55.6%
54.4%
48.6%
51.4%
80.8%
19.2%

32.3%
67.7%

82.5%
17.5%

LGG cases in CGGA325 (n = 172)

Cases

84
88
66
106
98
74
127
44
1
55
115

85
7

Percentage

48.8%
51.2
38.4%
61.6%
57.0%
43.0%
73.8%
25.6%

32.0%
66.9%

49.4%
41.3%

Clinical samples (n = 27)

Cases

19
8
12
15
13
14
7
6
14

Percentage

70.4%
29.6%
44.4%
55.6%
48.1%
51.9%
25.9%
22.2%

33.3%
14.8%
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Single-cell analysis

5 GEO single cell RNA-seq database

Quality control
Normalization
Merge together

Remove batch effect
Cluster classification and annotation

v ¥
Oligodendrocytes
[

Distribution of m°A regulators in 7 cell types and 3 cell cycle phases

SSGSE.A Relationship between m°A score and 16 functional states
analysis Pearson
correlation analysis

m6A related genes MCODE

M1
macrophage

Enrichment analysis

Cell communication Pearson Relationship between m°A regulators
analysis correlation analysis and 7 signaling pathway networks

Pearson Relationship between m°A regulators

Expression level of ICPs correlation analysis and ICPs

Bulk analysis

TCGA and Rembrandt datasets DNA methylation profile from TCGA

Consensus clustering

Relationship between m°®A regulators and

Cluster 1 Cluster 2 ICPs from DNA methylation perspective

High m°A/Low ICP Low m°A/High ICP

Construction and Validation of predictive model Reveal hub genes

: with cytoHubba

LASSO algorithm :

I

I
Best subset selection i
I
I
|
I
I
I
|
I
I

Nomogram

Calibrate plots
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Antibody Company (Cat. No.) Working Dilutions

CD3-FITC eBioscience (11-0037-42) FCM: 1/20

CD4-PE eBioscience (12-0049-42) FCM: 1/20

CD8-PE eBioscience (12-0088-42) FCM: 1/20

CD11-PE eBioscience (CD11B04-4) FCM: 1/20

CD16-FITC eBioscience (11-0168-42) FCM: 1/20
(

CD22-PE eBioscience (12-0029-41) FCM: 1/20
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Antibody Company (Cat. No.) Working Dilutions

SVOP HUAAN (ER65055) WB: 1/1000 IHC: 1/400
TNR proteintech (19730-1-AP) WB: 1/1000 IHC: 1/400
VAMPS proteintech (11822-1-AP) WB: 1/1000 IHC: 1/400
IGFBP2 BIOSS (pbs-1108R) WB: 1/1000 IHC: 1/400
TAGLN2 Santa (sc-373928) WB: 1/1000 IHC: 1/400
METTL7B Abclonal (A7200) WB: 1/1000 IHC: 1/400
VIM BIOSS (bs-8533R) WB: 1/1000 IHC: 1/400
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Variables

Age [mean (SD)]
Risk_score [mean (SD)]
OS_time [mean (SD)]
Gender (%)

Male

Female

Grade (%)

Grade Il

Grade Il

Grade IV

IDH (%)

Wildtype

Mutation

PRS_type (%)
Primary

Recurrent

Secondary
OS_status(%)

Dead

Alive

Overall
n =749

43.26 (12.29)

1.47 (1.30)
3.22(2.89)

442 (59.0)
307 (41.0)

218 (29.1)
240 (32.0)
291 (38.9)

339 (45.9)
410 (54.7)

502 (67.0)
222 (29.6)
25(3.3)

456 (60.9)
293 (39.1)

High
n=374

4571 (13.84
2.44(1.20)
1.80 (1.88)

224 (59.9)
150 (40.1)

38(10.2)
90 (24.1)
246 (65.8)

282 (75.4)
92 (24.6)

220 (58.8)
134 (35.8)
20 (5.3)

314 (84.0)
60 (16.0)

Low
n =375

40.81 (9.81)
0.49 (0.19)
4.64 (3.00)

218 (58.1)
157 (41.9)

180 (48.0)
150 (40.0)
45 (12.0)

57 (15.2)
318 (84.8)

282 (75.2)
88 (23.5)
5(1.3)

142 (37.9)
233 (62.1)

<0.001
<0.001
<0.001

0.678

<0.001

<0.001

<0.001

<0.001
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Characteristics No. of Patients (CGGA) No. of Patients (CGGA New) No. of Patients (TCGA)

Codel Non-Codel Codel Non-Codel Codel Non-Codel
Age at diagnosis
Mean 38.5 38.1 413 38.9 43.5 37.8
Standard Deviation 7.4 8.2 93 8.9 12.3 1.7
Gender
Male 29 27 25 46 44 61
Female 15 19 26 24 38 59
Histology
Astrocytoma 0 31 5 30 2 44
Oligodendroglioma 22 1 16 3 63 31
Oligoastrocytoma 22 14 30 37 17 45
WHO Grade
I 44 46 51 70 82 120
lor IV 0 0 0 0 0 0
IDH1 Mutation
Mutation 44 46 51 70 82 120
Wildtype 0 0 0 0 0 0
Survival Time
Range (Days) 181-4143 19-4163 127-4075 41-4374 2-5466 1-6331

Median (Days) 3197 552.5 2703 664 439 373
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BT20

BT23

BT26

BT29

BT38

BT39

BT41

BT43

BT45

BT48

BT49

BT50

BT52

BT53
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BT57
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BT59

BT61

BT62
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BT64

BT66

BT67

BT68

Sex

Female

Female

Male

Female

Female

Male

Male

Male

Male

Male

Male

Male

Male

Male

Male

Female

Female

Female

Male

Female

Female

Male

Male

Female

Female

Female

Female

Male

Female

Female

Age

59

49

74

58

33

55

78

69

66

78

65

67

45

49

68

50

67

67

78

68

69

62

42

53

36

64

32

64

68

Primary glioblastoma

Recurrent glioblastoma

Recurrent glioblastoma

Glioblastoma
Recurrent glioblastoma

Primary glioblastoma

Primary glioblastoma

Primary glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma
Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Primary glioblastoma

Glioblastoma

Secondary glioblastoma arising from pre-existing grade 2

astrocytoma

Likely glioblastoma but may be anaplastic oligodendroglioma

Recurrent glioblastoma

Glioblastoma

Glioblastoma

Recurrent glioblastoma

Glioblastoma

IDH mutation status

Not reported in patient
notes

Not reported in patient
notes

Not reported in patient
notes

IDH WT

Not reported in patient
notes

Not reported in patient
notes

Not reported in patient
notes

Not reported in patient
notes

IDH WT

Not reported in patient
notes

IDH WT

IDH WT

IDH WT

Not reported in patient
notes

Not reported in patient
notes

Not reported in patient
notes

Not reported in patient
notes

IDH1 WT

Not reported in patient
notes

IDHWT

IDHWT

IDHWT

Not reported in patient
notes

Not reported in patient
notes
IDH1 R132H negative

Not reported in patient
notes

IDHWT

Not reported in patient
notes

Not reported in patient
notes
IDH WT

Samples
available
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Blood
Tumour
biopsy
Blood
CUSA
Blood
CUSA
Blood
Tumour
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CUSA

Blood

GNS cell-line
Tumour
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Blood
Tumour
biopsy
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Blood
GNS cell-line

GNS cell-line

Tumour
biopsy
Blood

GNS cell-line

GNS cell-line
GNS cell-ine
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Tumour
biopsy
Blood
Tumour
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Tumour
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Tumour
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Tumour
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Blood

GNS cell-line

GNS cell-line

Tumour
biopsy

Blood
Tumour
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CUSA

Blood
GNS cell-line

Tumour
biopsy

CUSA tumour

Blood
GNS cell-line

Tumour
biopsy
Tumour
biopsy
CUSA

Tumour
biopsy
GNS cell-line

Tumour
biopsy

CUSA

Blood
Tumour
biopsy
Blood

GNS cell-line

Tumour
biopsy
Tumour
biopsy

Use in study

Flow cytometry

Flow cytometry
Flow cytometry
Flow cytometry
Flow cytometry

Flow cytometry
Flow cytometry
Flow cytometry
Flow cytometry
Flow cytometry
scRNA-seq

IF

Flow cytometry
Flow cytometry
Flow cytometry
ELISA

IF

scRNA-seq
Flow cytometry
Flow cytometry
IF

scRNA-seq
Flow cytometry
Flow cytometry
Chemokine
quantification
Chemokine
quantification
Flow cytometry

Flow cytometry
Chemokine
quantification
Chemokine
quantification
Chemokine
quantification
Flow cytometry

Flow cytometry
Flow cytometry

Flow cytometry
Flow cytometry

Flow cytometry
Flow cytometry
IF

Flow cytometry
Chemokine
quantification
Flow cytometry
IF

Flow cytometry
Flow cytometry

Flow cytometry
Flow cytometry

Flow cytometry
Chemokine
quantification
Chemokine
quantification
Chemokine
quantification
Flow cytometry
Flow cytometry
Chemokine
quantification
Flow cytometry
Chemokine
quantification
Flow cytometry
Chemokine
quantification
Chemokine
quantification
Flow cytometry
Chemokine
quantification
Flow cytometry
Chemokine
quantification
Chemokine
quantification
Chemokine
quantification
Chemokine
quantification
Chemokine
quantification
Chemokine
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Chemokine
quantification
Flow cytometry
Chemokine
quantification
Flow cytometry
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Flow cytometry
Chemokine
quantification
Chemokine
quantification
Chemokine
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CUSA, Cavitron Ultrasonic Surgical Aspirator; GNS, glioma neural stem; IDH, isocitrate dehydrogenase; IF, immunofiuorescence; scRNA-seq, single-cell RNA-sequencing; WT, wild-type.





OPS/images/back-cover.jpg
Frontiers in
Immunology

Explores novel approaches and diagnoses to treat
immune disorders.

The official journal of the International Union of
Immunological Societies (IUIS) and the most cited
inits field, leading the way for research across.
basic, translational and clinical immunology.

Discover the latest
Research Topics

Immunology






OPS/images/fimmu.2021.829268/fimmu-12-829268-g001.jpg
MMR

[TTT
L

l

MutSa/B . PCNA

Sl

MutLo

BER

l

DNA glycosylase

NER

GG-NE% YNER
CSA

111

XPC RNAP II
hd @ HWT

|

APEL
LI

XRCC1 polp

|

w

L1

HI‘WDDBZ lLUJ[

DDB1
\ TFIIH /

XPB. XPD

I
""LLLBLLU I
RPA

XPG

XPF
ERTTTTTTERTITTTT
L J1
RPA

l

pole  pol§

l

XRCC1 Lic1
ini

PCNA

TTTTT
[

NHEJ

.. DNA PKes

I
Ll

HR

MRN

Ku70/Ku8!

0

|

Artemis

TR

RPA

T

l

Rad51

ITT

(=

XRCC4, LIG4
14
o
XLF PNK

l

D-loop form:

Rad51 ¥

ation

DN

RN RN RN

LIG1

Il
L &

<






OPS/images/fimmu.2021.829268/fimmu-12-829268-g002.jpg
Radiation

Cell death

Mitochondrial
stress

AVAVAVARE
v
//\\C::)//\\ GAS

G /f

ATP o
: jp cGAMP

JAVAVAVA

dsDNA

APC

Golgi

O NF-«B

Virus ‘ I
) - Nucleus
a
Bacteria
CD80/CD86 OIFN-B
anticriag T T
°
e o
3 °
. 8¢ N
[ ] N O v
5
1 s
.
' '
L]
. (T
- IS,
® g xg - Y |
7 [ Anti-pD-1 O=9
) D L
@ . =& reel
nti-PD-L1 S—F% -
O Q
S o €t
=
Cancer
cell ’ :
/99900000000
death < V | | )50
| / \ COOAAA00Y
MHC complex T
; X B Anti-CTLA4 MHC
; ancer ce g
}’ : () cons O e ¢ Anti-PD-L1 QF
“ ’ - TCR
IS o o 0 CD80/CD86
O e O VCDZS TPDJ

¢

PD-L1

T STING O IFN-B ¢ CTLA-4 Qj






OPS/images/fimmu.2021.829268/table1.jpg
Immunotherapy

category

Checkpoint
inhibitors

Cytokines
modulation

CAR T-cell
therapy

Vaccines
Oncolytic viruses

Bispecific
antibodies

Mechanism

Anti-CTLA-4

Anti-PD-1

Anti-PD-L1

Interferon alfa-2b,recombinant

Interferon alfa-2a,recombinant

Interleukin-2,recombinant

Stimulates TNF, IL-12 and IFNy
CD19-directed

B-cell maturation antigen (BCMA)-directed

Autologous APCs with recombinant human
PAPGM-CSF

Genetically modified HSV-1 designed to replicate
within tumours and produce GM-CSF

CD19 and CD3 bispecific antibody

Therapy

Ipilimumab

Pembrolizumab

Nivolumab

Cemiplimab

Atezolizumab

Avelumab

Durvalumab

Intron A

Roferon-A

Aldesleukin

Imiquimod
Tisagenlecleucel

Axicabtagene
ciloleucel
Brexucabtagene
Autoleucel
Lisocabtagene
maraleucel
Idecabtagene
vicleucel
Sipuleucel-T

Talimogene
laherparepvec
Blinatumomab
Amivantamab-
vmjw

FDA-approved cancers

Melanoma

Advanced renal cell carcinoma

MSI-H/dMMR metastatic colorectal cancer
Hepatocellular carcinoma(HCC)

Metastatic or recurrent non-small cell lung cancer
Malignant pleural mesothelioma

Melanoma

Non-small cell lung cancer(NSCLC)

Head and neck squamous cell carcinoma(HNSCC)
Classical Hodgkin lymphoma(CHL)

Advanced or metastatic urothelial carcinoma
MSI-H/dMMR solid tumors

Advanced gastric cancer

Recurrent or metastatic cervical cancer

Primary mediastinal large B-cell lymphoma (PMBCL)
Advanced or metastatic Merkel cell carcinoma(MCC)
Advanced renal cell carcinoma(RCC)

Esophageal cancer

Hepatocellular carcinoma(HCC)

Endometrial carcinoma

Metastatic small cell lung cancer (SCLC)
MSI-H/dMMR metastatic colorectal cancer

Tumor mutational burden-high (TMB-H) solid tumors
Non-muscle invasive bladder cancer (NMIBC)
Recurrent or metastatic cutaneous squamous cell carcinoma
(cSCO)

Advanced esophageal or gastroesophageal (GEJ) carcinoma
Triple-negative breast cancer (TNBC)

Melanoma

Non-small-cell lung cancer

Renal cell carcinoma

Classical Hodgkin lymphoma(cHL)

Head and neck squamous cell carcinoma

Urothelial carcinoma(UC)

MSI-H/dMMR colorectal cancer

Hepatocellular carcinoma(HCC)

Metastatic small cell lung cancer(SCLC)

Advanced, recurrent or metastatic esophageal squamous cell
carcinoma (ESCC)

Malignant pleural mesothelioma

Metastatic or recurrent non-small cell lung cancer
Advanced or metastatic gastric cancer, gastroesophageal
junction cancer, and esophageal adenocarcinoma
Esophageal or gastroesophageal junction (GEJ) cancer
Metastatic cutaneous squamous cell carcinoma (CSCC)
Locally advanced basal cell carcinoma (laBCC)
Advanced non-small cell lung cancer (NSCLC)
Advanced or metastatic urothelial carcinoma
Non-small cell lung cancer (NSCLC)

Triple-negative breast cancer(TNBC)

Small cell lung cancer(SCLC)

Melanoma

Hepatocellular carcinoma(HCC)

Metastatic Merkel cell carcinoma(MCC)

Advanced or metastatic urothelial cell carcinoma
Advanced renal cell carcinoma(RCC)

Urothelial cell carcinoma

Non-small cell lung cancer (NSCLC)

Extensive-stage small cell lung cancer (ES-SCLC)
Hairy cell leukaemia

AIDS-related Kaposi sarcoma

Melanoma

Follicular lymphoma

Hairy cell leukaemia

AIDS-related Kaposi sarcoma

Chronic myelogenous leukaemia

Melanoma

Renal cell carcinoma

Basal cell carcinoma

B-cell precursor acute lymphoblastic leukemia (ALL)
Large B-cell lymphoma

Large B-cell lymphoma

Relapsed or refractory follicular lymphoma (FL)
Mantle cell lymphoma (MCL)

Diffuse large B-cell lymphoma (DLBCL)
Relapsed or refractory multiple myeloma
Prostate cancer

Melanoma

B cell acute lymphocytic leukaemia
Advanced or metastatic non-small cell lung cancer (NSCLC)

Year of
approval

2011
2018

2020

2014
2015

2017

2018

2019

2020

2021

2014
2015

2016

2017

2018
2020

2021

2018
2021

2016

2018
2019
2020

2017

2019
2017
2018
2020
1986
1988
1995
1997
1986
1988
1997
1998
1992
2004
2017
2018
2017
2021
2020

2021

2021

2010

2015

2014
2021
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