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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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