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Abstract

:

Adult infiltrating gliomas are highly aggressive tumors of the central nervous system with a dismal prognosis despite intensive multimodal therapy (chemotherapy and/or radiotherapy). In this study, we studied the expression, methylation and interacting miRNA profiles of GABA-, glutamate- and calcium-related genes in 661 adult infiltrating gliomas available through the TCGA database. Neurotransmitter-based unsupervised clustering identified three established glioma molecular subgroups that parallel major World Health Organization glioma subclasses (IDH-wildtype astrocytomas, IDH-mutant astrocytomas, IDH-mutant oligodendroglioma). In addition, this analysis also defined a novel, neurotransmitter-related glioma subgroup (NT-1), mostly comprised of IDH-mutated gliomas and characterized by the overexpression of neurotransmitter-related genes. Lower expression of neurotransmission-related genes was correlated with increased aggressivity in hypomethylated IDH-wildtype tumors. There were also significant differences in the composition of the tumor inflammatory microenvironment between neurotransmission-based tumor categories, with lower estimated pools of M2-phenotype macrophages in NT-1 gliomas. This multi-omics analysis of the neurotransmission expression landscape of TCGA gliomas—which highlights the existence of neurotransmission-based glioma categories with different expression, epigenetic and inflammatory profiles—supports the existence of operational neurotransmitter signaling pathways in adult gliomas. These findings could shed new light on potential vulnerabilities to exploit in future glioma-targeting drug therapies.
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1. Introduction


Infiltrating gliomas are the most common malignant tumors of the central nervous system in adults. They represent nearly 45–50% of malignant primary brain neoplasms [1] and are associated with relatively short survivals [2]. The infiltrative nature, intratumoral heterogeneity [3] and cellular signaling complexities of these aggressive tumors make them a major challenge to overcome in terms of therapy and personalized patient management [4,5]. Pathological and adaptative interactions with the surrounding microenvironment (non-neoplastic glia, neurons and immune cells) further contribute to tumor aggressivity and progression [6].



Current World Health Organization diagnostic classification schemes for adult infiltrating gliomas are based on the presence of molecular alterations such as isocitrate dehydrogenase 1/2 mutations (IDH1/2) and 1p/19q codeletion [1]. While IDH-wildtype gliomas usually present with high-grade histology and correlate to short survival [7,8], IDH-mutated, 1p/19q-non-codeleted astrocytomas and IDH-mutated 1p/19q-codeleted oligodendrogliomas are usually first diagnosed as low-grade gliomas and associated with longer survival [7,9].



IDH1/2 genes code for isocitrate dehydrogenase cytoplasmic enzymes that play a crucial role in cellular energy metabolism7. One of their major functions is the catalysis of citrate oxidative decarboxylation to alpha-ketoglutarate (α-KG), which is a well-known intermediate of the TCA cycle [10]. Further, α-KG is involved in neurotransmission by serving as a precursor of two important human brain neurotransmitters: glutamate and gamma-aminobutyric acid (GABA) [11]. In glioma, mutations in IDH1/2 lead neoconversion of α-KG into the oncometabolite D-2-hydroxyglutarate (D-2-HG) [12]. Consequently, the IDH status of gliomas impacts not only their energetic metabolism but also their integration into surrounding neural circuits due to the potential dysregulation in neurotransmitter metabolism, thereby affecting tumor progression [13].



Aside from their leading role in neuronal synaptic transmission, GABA and glutamate can regulate many other brain biological processes. Several lines of evidence point to an important modulatory role of GABA and glutamate systems on neuroinflammatory processes [14] in the mature brain. This connection to signaling mechanisms of immunity makes them important therapeutic targets to reverse the detrimental effects of chronic neuroinflammation, as it is pivotal to the pathophysiology of numerous diseases of the central nervous system. In the developing brain, both molecules modulate neural precursor cell proliferation, differentiation and neuron migration through a reciprocal relationship with neurotransmitter-sensitive immune cells such as microglia [15,16]. Signaling mechanisms involved in these processes are thought to be operational in glioma [17].



Starting with the postulate that neurotransmission signaling activity is of importance to glioma biology, we initially interrogated the transcriptome of 661 gliomas available through the TCGA database for GABA-, glutamate- and calcium-related gene expression patterns. Four glioma clusters were generated by unsupervised clustering and compared to established glioma molecular diagnostic subgroups, as per the World Health Organization glioma classification. We subsequently used theses analyses as a starting point in deciphering ties to epigenetic (DNA methylation and microRNA) and immune mechanisms to find novel vulnerabilities.




2. Materials and Methods


2.1. Sample Extraction


Data from the low-grade glioma [18] (LGG) and glioblastoma multiforme [19] (GBM) projects were extracted from the TCGA (The Cancer Genome Atlas, https://portal.gdc.cancer.gov/, accessed on 1 September 2020). These datasets include clinical and epidemiological data, gene and miRNA expression, methylation quantification, copy number variation and simple nucleotide variation. Biomolecular information (TERT promoter, ATRX, MGMT promoter status) extracted from the Ceccarelli study [20] was also added to our analysis.



Two RNA-seq datasets were extracted from the Chinese Glioma Genome Atlas [21,22,23] (CGGA, http://cgga.org.cn/, accessed on 1 September 2020) and were merged into one dataset to simplify the analysis. Clinical data (sex, age or overall survival) associated with these samples were also extracted.



Glioma samples from both databases (TCGA and CGGA) were annotated according to the IDH mutation and 1p/19q codeletion status: IDH-mutated with the 1p/19q co-deletion gliomas (IDH-MUT codel), IDH-mutated without the 1p/19q codeletion (IDH-MUT non-codel) and IDH-wildtype (IDH-WT). The TCGA dataset was used for gene expression, miRNA expression and DNA methylation profiling. CGGA was used for validation purposes.




2.2. GABA, Glutamate and Calcium Pathway Gene Extraction


The KEGG pathway database was the source to identify genes associated with GABA, glutamate and calcium metabolic pathways [24] (https://www.genome.jp/kegg/pathway.html, accessed on 1 September 2020). The following KEGG identifiers were used for extraction: 04727 (GABAergic synapse pathway); 04724 (glutamatergic synapse); 00250 (alanine, aspartate and glutamate metabolism), 04020 (calcium signaling) and 04961 (other factor-regulated calcium reabsorption pathways).




2.3. Gene Expression Normalization


Expression normalization was performed to enable comparisons between glioma samples. TCGA raw-count expression data were normalized using the Variance Stabilizing Transformation function available in the DESeq2 [25] v1.26.0 R package. Low-expression genes whose maximum did not pass 10 counts were excluded.




2.4. Unsupervised Clustering


Unsupervised clustering was performed to reveal hidden patterns of neurotransmission-related gene expression. Entropy values were calculated, varying the cluster number in order to select the optimal number of clusters that minimized the heterogeneity of IDH mutation and 1p19q codeletion within a cluster. Both unsupervised clustering and heatmaps were generated using the Complex Heatmap [26] v2.4.2 R package, based on the Ward method and Spearman correlation as distance.




2.5. Differential Gene Expression Analysis


The DESeq2 [25] R package v1.26.0 was used to retrieve differentially expressed genes between clusters. Bonferroni-corrected p-values below 0.05 were considered significant. Volcano plots of differential gene expression were generated using the EnhancedVolcano v1.8.0 R package.




2.6. miRNAs Interactome Profiling


MiRNAs interacting with the neurotransmission-related gene set were extracted from the RNA Interactome database [27]. Using the TCGA miRNA dataset, differential gene expression analysis was performed to filter differentially expressed miRNAs between identified glioma clusters (DESeq2 Bonferroni-adjusted p < 0.001 and absolute log2 fold change superior to 1). MiRNAs with an average expression lower than 1 RPKM were not included in the analysis.




2.7. Statistical Analysis


Statistical analyses were performed using R v4.0.3. Ggplot2 v3.3.5 and UpsetR v1.4.0 R packages were used for figure generation. We executed survival and Cox regression analyses using “survminer” v0.4.8 and “survival” v3.2.7 R packages.




2.8. Snakemake Pipepeline Creation


The study pipeline was built using snakemake [28] workflow manager v5.32.0. The software and packages used in the pipeline were downloaded from the bioconda channel via the package manager conda, and steps with high computational cost were executed using Compute Canada structures. This pipeline is available in GitHub at this address: https://github.com/hoang31/gaba_glutamatate_TCGA_profiling.git (accessed on 1 September 2020).





3. Results


3.1. Unsupervised Clustering Based on GABA, Glutamate and Calcium Gene Expression Distinguishes Four Clusters with Distinct Neurotransmission Profiles


A total of 421 neurotransmission-related genes were extracted from the KEGG metabolic database, more specifically from four metabolic pathways: GABAergic neuron (kegg id: 04727), glutamatergic neuron (kegg id: 04724), glutamate metabolism (kegg id: 00250) and calcium signaling and endocrine (kegg ids: 04020 and 04961) pathways. Of these, 351 minimally expressed genes were kept (Supplementary Data Table S1), and there was limited overlap between the different gene sets (Supplementary Data Figure S1). Unsupervised clustering of 661 TCGA glioma samples was then performed in order to evaluate the expression pattern of these genes (Figure 1). IDH and 1p/19q codeletion-based entropy analysis showed an optimal number of clusters equal to four (Supplementary Data Figure S2). We thus generated four clusters, which were renamed NT-1 (n = 168), NT-2 (n = 188), NT-3 (n = 81) and NT-4 (n = 224) for neurotransmission-related clusters (Supplementary Data Table S2). This clustering analysis identified four main clusters that differ greatly in their neurotransmission-related gene expression profiles.




3.2. Neurotransmission-Based Glioma Clustering Recapitulates Current Existing Glioma Molecular Subgroups and Identifies a Novel Subgroup with a Distinct Expression Profile


We evaluated the presence of the most frequent adult glioma molecular alterations in neurotransmission-based glioma subgroups in accordance with the latest WHO classification of tumors of the central nervous system [1]. We also tracked “normal-like” IDH-wt gliomas that had been identified in our previous study and were associated with a longer survival [29] (Figure 2 and Supplementary Data Table S3).



The different histopathological entities (as per the 2007 WHO classification of CNS tumors [30], i.e., oligodendroglioma, glioblastoma, astrocytoma and oligoastrocytoma) were heterogeneously distributed in the four NT clusters, with NT-2 gliomas being mainly comprised of glioblastomas (115/188 samples, 61.2%). NT-2, NT-3 and NT-4 gliomas were essentially composed of IDH-wt gliomas (180/188 samples, 95.7%), IDH-mutated gliomas with the 1p/19q co-deletion (75/81 samples, 92.6%) and IDH-mutated gliomas without the 1p/19q co-deletion (176/224 samples, 78.6%), respectively. As for the NT-1 glioma cluster, it was composed of a majority of IDH-mutated gliomas: 80/168 samples, 47.6% for IDH-mutated gliomas with the 1p/19q co-deletion; 67/168 samples, 39.9% for IDH-mutated gliomas without the 1p/19q co-deletion; and 21/168 samples, 12.5% for IDH-wt gliomas. The percentage of IDH-wt gliomas in NT-1 and NT-4 was similar (12.5% and 16.5%, respectively). The ATRX mutation was principally found in NT-4 (133/224 samples, 59.4%) and NT-1 glioma clusters (46/168 samples, 27.4%), as expected. According to available data, EGFR amplifications and combined Chr7 gain/Chr10 loss were essentially present in NT-2 gliomas (89/188 samples, 47.3% and 129/188 samples, 68.6%, respectively). The TERT promoter mutation was more prevalent in NT-2 (54/188, 28.7% versus 10/188, 5.3% for wildtype) and NT-3 clusters (32/81, 39.5% versus 5/81, 6.2%). NT-2 gliomas were also enriched with CDKN2A/B-deleted gliomas (105/188 samples, 55.9% and 103/188 samples, 54.8%, respectively). Interestingly, all the identified IDH-wt “normal-like” gliomas [29] were ascribed to the NT-1 glioma cluster. When specifically examining IDH-wt gliomas ascribed to NT-1-4 clusters, we found a higher proportion of IDH-wt gliomas bearing an EGFR amplification observed when comparing NT-2 vs. NT-1 gliomas but not NT-4 (49.44%, 23.81% and 40.54% for NT-1, NT-2 and NT-4, respectively; p = 1.88 × 10−2 and p = 0.25). Chr 7 gain/Chr 10 loss was also less prevalent in IDH-wt gliomas ascribed to the NT-1 cluster when compared to NT-2 (28.57% for NT-1 vs 71.66% and 45.94% for NT-2 and NT-4, respectively; p = 3.15 × 10−4 and p = 0.36). We conclude that the expression levels of GABA, glutamate and calcium signaling elements segregate with known glioma molecular alterations (IDH mutation and 1p/19q chromosomic status) for NT-1, NT-2, NT-3 and NT-4 clusters.




3.3. Clinical and Epidemiological Characterization of Neurotransmission-Based Glioma Clusters


We evaluated the clinical and histopathological characteristics of the four glioma subgroups identified based on their expression patterns of glutamate, GABA and calcium genes. Comparison analysis (Table 1) did not show significant age differences between the NT-1, NT-3 and NT-4 gliomas (average of 42.69 yo, p = 0.08 and 0.18). On the other hand, NT-2 gliomas affected significantly older patients (average of 58.12 yo, p = 1.06 × 10−21; p = 4.29 × 10−12; p = 9.95 × 10−29). Gliomas were more frequent in males than females, with no significant gender distribution differences between the different clusters.



Survival analysis showed similar survival for NT-1 and NT-3 (log-rank test p = 0.44, Figure 3A). However, survival was shorter for NT-2 gliomas (log-rank test, p = 7.10 × 10−32, p = 1.06 × 10−20 and 1.09 × 10−33 compared to NT-1, NT-3 and NT-4, respectively). The same pattern was observed with regard to the Karnofsky’s performance scores associated with the different glioma NT clusters; NT-2 glioma patients were associated with significantly lower performance scores (Fisher’s exact test, p = 5.00 × 10−4 Figure 3B).



We performed a univariate and multivariate cox regression analysis to validate the prognosis associated with each glioma cluster (Table 2). As expected from the literature, univariate regression suggested that higher age at diagnosis, clustering within the NT-2 cluster or higher grade had significant negative impact on patient survival (beta = 0.066 with p = 9.31 × 10−42; beta = 2.216 with p = 6.62 × 10−28; beta = 2.976 with p = 6.38 × 10−43 for NT-2 cluster, G4 glioma and age at diagnosis, respectively). The multivariate cox regression model confirmed that clustering within the NT-2 glioma cluster is an independent factor impacting patient survival (beta = 0.901; p = 1.93 × 10−4) regardless of gender, age or grade. As expected, age at diagnosis and grade were also found to be independent, significant prognostic factors for gliomas. NT-2 gliomas, which are mostly comprised of IDH-wt gliomas, bear the worst prognosis out of the neurotransmission-related clusters. NT-1 gliomas had similar prognosis compared to NT-3 and NT-4 gliomas.




3.4. Lower Expression of Neurotransmission Genes Correlates with Increased Aggressivity in the NT-1, NT-2, NT-3 and NT-4 Gliomas


Following the identification of four glioma clusters with distinct GABA, glutamate and calcium-related gene expression patterns, we searched for specific genes expressed by cancer cells or their microenvironment that may impact gliomagenesis by performing differential gene cluster-to-cluster expression analysis. We retrieved 232 unique neurotransmission-associated genes that were significantly expressed (Bonferroni-adjusted p < 0.001 and absolute value of log2foldchange greater than 1). In this analysis, the highest number of significantly differentially expressed genes (43 genes) belonged to the NT-1 cluster comparison (Figure 4A).



Cluster-to-cluster expression profile analyses for calcium endocrine, calcium signaling, GABA synapse, glutamate metabolism and glutamate synapse metabolic pathways are presented in Figure 4B and Supplementary Data Table S4. Amongst all samples (glioma and healthy patients), we observed that neurotransmission-related genes were the most highly expressed in healthy samples when compared to NT glioma clusters. (18/23, 82/132, 43/55, 6/15 and 49/65 genes for calcium endocrine, calcium signaling, GABA synapse, glutamate metabolism and glutamate synapse metabolic pathways, respectively). With regard to the comparisons between NT glioma clusters, we found that NT-1 gliomas were associated with the largest number of overexpressed genes (15/23, 70/132, 41/55, 8/15 and 43/65 genes for calcium endocrine, calcium signaling, GABA synapse, glutamate metabolism and glutamate synapse metabolic pathways, respectively). Conversely, NT-2 gliomas were associated with the largest number of underexpressed genes ascribed to these pathways (14/23, 60/132, 36/55, 7/15 and 48/65 for calcium endocrine, calcium signaling, GABA synapse, glutamate metabolism and glutamate synapse metabolic pathways, respectively). These observations were more significant for GABA synapse, glutamate metabolism and glutamate synapse pathways. NT-3 and NT-4 cluster expression profiles showed intermediate levels of expression for all pathways. We also identified three genes that were significantly differentially expressed amongst all six cluster-to-cluster analyses: the cholinergic receptor muscarinic 1 (CHRM1), the cholinergic receptor muscarinic 3 (CHRM3) and the glutamate ionotropic receptor NMDA type subunit 1 (GRIN1) genes. These three genes were significantly overexpressed in healthy samples and NT-1 gliomas (Figure 4C). Overall, we found that NT-1 gliomas are characterized by the overexpression of neurotransmission-related genes when compared to other glioma clusters.




3.5. Correlation between DNA Hypermethylation and Gene Expression Is Preserved in NT-1 Gliomas


We then sought to evaluate the role of DNA methylation, which is an important epigenetic mechanism involved in gliomagenesis, in modulating neurotransmission gene expression in NT gliomas. Using the TCGA methylation quantification dataset, we first examined the DNA methylation levels of GABA-, glutamate- and calcium-related genes used for NT-1-4 glioma unsupervised clustering. For this, we extracted the methylation beta values of the differentially expressed neurotransmission-related genes between NT-1-4 gliomas (Wilcoxon rank sum test Bonferroni-corrected p-value less than 0.001 and absolute log2 fold change superior to 1). Methylation beta values equal to 0 and equal to 1 reflect DNA hypomethylation and hypermethylation, respectively. We found that NT-2 gliomas were associated with lower average beta values than NT-1, NT-3 and NT-4 gliomas (Figure 5A, Wilcoxon rank sum test adjusted by Bonferroni correction; p = 4.9 × 10−10; p = 5.8 × 10−14; p = 1.1 × 10−5, respectively). The average beta values of NT-2 were also significantly higher than in healthy samples albeit with lower statistical significance because of the number of healthy samples in the analysis (n = 2) (Wilcoxon rank sum test p = 1.2 × 10−9). We further investigated DNA methylation levels for individual genes ascribed to calcium endocrine, calcium signaling, GABA synapse, glutamate metabolism and glutamate synapse signaling pathways by generating methylation profiles (Figure 5B). Again, NT-2 gliomas and healthy samples were associated with overall DNA hypomethylation. Interestingly, a significant negative correlation between DNA methylation and expression levels was only maintained for NT-1 gliomas (r = −0.53; p = 3.02 × 10−13; Figure 4D). However, DNA methylation levels in NT-2, NT-3 and NT-4 gliomas correlated weakly with gene expression levels (r = −0.23; p = 1.21 × 10−5; Figure 5C).




3.6. NT-1 and NT-2 Gliomas Are Regulated by More Complex Epigenetic Mechanisms Involving Differential Expression of microRNA


MicroRNAs (miRNAs) are small, single-stranded, non-coding RNA molecules (21–25 nucleotides in length) that play an important role in tumorigenesis through RNA silencing and post-transcriptional regulation of gene expression [31]. We explored their potential regulatory roles on GABA-, glutamate- and calcium-associated gene expression in gliomas by extracting from the RNA Interactome database [27] the miRNAs that interacted directly with our 351 neurotransmission-related genes. We identified 73 differentially expressed miRNAs (DE-miRNAs) in this analysis. The largest counts of highest-expressed DE-miRNAs were found in NT-1 and NT-2 gliomas (26, 25, 14 and 8 DE-miRNAs for NT-1, NT-2, NT-3 and NT-4, respectively; Figure 6A) and the largest counts of lowest-expressed DE-miRNAs were found in NT-2 and NT-3 gliomas (31, 25, 9 and 8 for NT-2, NT-3, NT-1 and NT-4, respectively).



A total of 29 DE-miRNAs were found to be associated with higher expression compared to the average expression of all DE-miRNAs (average of 4.3 DESeq2 normalized counts; Supplementary Data Table S5). Amongst these 29, the top 4 were the miRNAs hsa-mir-100, hsa-mir-183, hsa-mir-128-2 and hsa-mir-23a (Figure 6B and Supplementary Data Table S5). The hsa-mir-100 and hsa-mir-23a mirRNAs were significantly overexpressed in NT-2 gliomas when compared to NT-1, NT-3, and NT-4 clusters (Bonferroni-adjusted p < 0.05 for all cluster pairwise comparison). The hsa-mir-128-2 was overexpressed in NT-1 (Bonferroni-adjusted p < 10 × 10−5 for all cluster pairwise comparison). Expression of hsa-mir-183 was lower in NT-2 gliomas (Bonferroni-adjusted p < 10 × 10−5 for all cluster pairwise comparison). Overall, neurotransmitter-related miRNAs appeared to be more deregulated in NT-2 gliomas when compared to other glioma subgroups.




3.7. Neurotransmission-Related Gene Expression Correlates with the Immune Response Signaling Pathways in NT-1-4 Glioma Clusters


To look into the regulation of specific cellular signaling pathways by neurotransmitter-related genes in glioma, we performed a correlation analysis of the TCGA glioma dataset between previously-identified NT1-4 discriminatory genes (CHRM1, CHRM3 and GRIN1) and non-neurotransmission-related genes. We retrieved 7758 and 7346 genes with negative and positive correlation, respectively (Bonferroni-adjusted p < 0.05, Supplementary Data Table S6).



Analyses of negatively-correlated genes revealed enrichment for genes pertaining to 15 specific cellular pathways such as cell activation, immune effector process, cell population proliferation, response to biotic stimulus, primary metabolic process, symbiotic process, movement of cell or subcellular component, response to external stimulus, etc. (Supplementary Data Figure S3). Amongst these pathways, 10 out of 15, such as cell activation, cell population proliferation and movement of cell and/or subcellular component process groups, were mainly composed of immune cellular processes such as positive regulation of leukocyte activation, T cell activation and leukocyte proliferation (Supplementary Data Figure S4).



Positively-correlated genes were significantly associated with signaling pathways such as system process, macromolecule localization, establishment of localization, regulation of biological quality, cellular component organization or biogenesis and cell communication (Supplementary data Figure S5). In summary, neurotransmission gene expression in gliomas correlates with various cellular pathways related to immunity.




3.8. Immune Cell Characterization Reveals Different Tumor Immune Microenvironment Composition


The identification of a high number of immune processes with the CHRM1, CHRM3 and GRIN-1 neurotransmission-related gene signature may suggest that NT-related gliomas possess distinct tumor immune microenvironments. We first performed an ESTIMATE R tumor purity calculation on NT-1-4 gliomas, as this tool evaluates immune and stromal gene expression signatures. We found that the NT-1 gliomas were associated with significantly higher tumor purity scores when compared to the NT-2 (Wilcoxon rank sum test p = 3.01 × 10−45) and NT-4 (Wilcoxon rank sum test p = 5.2 × 10−26, Figure 7A) gliomas, reflecting lower levels of immune cells in the NT-1 gliomas. There were no significant differences observed between NT-1 and NT-3 gliomas.



To further substantiate this observation, we also inferred the immune cell type composition of each glioma cluster using CIBERSORT [32] and CIBERSORTx [33] tools (Figure 7B). The CIBERSORTx analysis showed similar absolute immune cell quantification between the NT-1 and NT-4 gliomas (Wilcoxon rank sum test p = 0.28). NT-2 gliomas were associated with a higher number of immune cells (Wilcoxon rank sum test p = 6.42 × 10−32, p = 1.94 × 10−27 and p = 1.70 × 10−26 compared to NT-1, NT-3 and NT4, respectively). When analyzing the CIBERSORT results, NT-2, NT-3 and NT-4 gliomas were significantly associated with a higher fraction of M2-phenotype macrophages when compared to NT-1 gliomas (Wilcoxon rank sum test p = 3.90 × 10−30, p = 2.01 × 10−8 and p = 1.49 × 10−17, respectively). In addition, NT-1 gliomas had a higher fraction of plasma B cells (Wilcoxon rank sum test p = 1.73 × 10−42, p = 2.42 × 10−9 and p = 2.33 × 10−35, respectively) when compared to the three other groups. NT-1 gliomas also had a higher fraction of monocytes when compared to NT-2 and NT-3 gliomas (Wilcoxon rank sum test p = 7.45 × 10−10, p = 1.23 × 10−5 and p = 8.36 × 10−1, respectively). Other immune cell types were identified to be significantly enriched in NT-1 gliomas and are described in the Supplementary Data Table S7.



Principal component analysis (PCA) on the CIBERSORTx immune data showed that the first and second components explained 82.3% of the total variability (75.1% and 7.2% for the first and second component, respectively, Figure 7C). The first principal component mainly consists of the M2 macrophage variable (93.87%). Monocytes were the main contributors to the second principal component (59.89%), with macrophages M0 (14.06%), mast cells resting (12.15%) and B cells plasma (8.01%) also contributing.




3.9. Neurotransmission-Related Transcriptomic Profiling on the Chinese Glioma Genome Atlas Cohort


We tested the reproducibility of our findings using 889 glioma samples from the Chinese Glioma Genome Atlas cohort (CGGA) with the neurotransmission-related gene set (351 genes) used in the analysis of the TCGA cohort. We performed unsupervised clustering and generated four different clusters, which were identified as NT-1-like (n = 189), NT-2-like (n = 259), NT-3-like (n = 166) and NT-4-like (n = 275) glioma clusters (Figure 8A). Similar to the TCGA cohort, the NT-2-like cluster was mainly composed of IDH-wt gliomas (222/259 or 85.71%) whereas IDH-mutated gliomas were predominant in the NT-3- and NT-4-like clusters (122/166, 73.49% and 226/275, 82.18% for the NT-3- and NT-4-like clusters, respectively; Supplementary Data Table S8). The NT-1-like glioma cluster was composed of a mixture of IDH-mutated (112/189 or 59.26%) and IDH-wt gliomas (77/189 or 40.74%). The 1p/19q chromosomal co-deletion did not predominate in any cluster.



Survival analysis showed a similar survival for NT-1-like, NT-3-like and NT-4-like clusters (log-rank test p > 0.05 Figure 8B). NT-2-like gliomas had the shortest survival rate when compared to the three other clusters (log-rank test, p = 8.76 × 10−19, p= 1.02 × 10−16 and p = 3.66 × 10−15 when compared with NT-1-like, NT-3-like and NT-4-like, respectively).



In terms of immune cell type composition, NT-2-like gliomas were associated with a higher cell fraction of M2-phenotype macrophages, similar to the TCGA cohort analysis findings. (Wilcoxon rank sum test p = 4.76 × 10−22, p = 1.03 × 10−29 and p = 2.09 × 10−17 compared to the NT-1-like, NT-3-like and NT4-like, respectively; Figure 8C). In general terms and similar to the TCGA analyses, neurotransmission-based unsupervised clustering of the CGGA glioma expression dataset recapitulated four subgroups with similar survival and inflammatory microenvironment characteristics.





4. Discussion


Current glioma therapies lead to limited improvement in median overall survival in patients with high-grade infiltrating gliomas [34]. Beyond targeting tumor cells, there is currently a shift of focus towards understanding components of the tumor microenvironment, such as surrounding neural cells (neurons and glia), hematopoietic cells (monocyte/macrophage/microglia and T cells) or blood vessels, in an attempt to overcome redundant compensatory mechanisms [35]. In this large-scale multi-omics analysis, IDH-wildtype and IDH-mutated infiltrating gliomas were studied through the lens of neurotransmission-related (GABA, glutamate and calcium) gene expression patterns with the aim of unraveling specific vulnerabilities and cellular pathways.



Neurotransmission-based unsupervised clustering enabled the proper classification of the majority of infiltrating gliomas into current WHO tumor categories (IDH-wt gliomas, IDH-mutated, 1p/19q oligodendrogliomas and IDH-mutated astrocytomas), suggesting that neurotransmission-related pathways are differentially regulated in tumor cells and/or their microenvironment according to tumor subtype, and also reaffirming the importance of IDH1/2 mutations and of 1p/19q-codeletion for glioma stratification. Interestingly, this strategy also identified a novel NT-1 glioma subgroup mostly comprised of IDH-mutated gliomas, which also included “normal-like” IDH-wt gliomas associated with a longer survival [1,29].



The NT-1 subgroup primarily distinguishes itself by its overexpression of GABA, glutamate and calcium genes. Conversely, the NT-2 cluster, which is principally comprised of more-aggressive IDH-wildtype glioblastomas, is associated with a lower expression of neurotransmission-related genes. IDH-mutated gliomas with (NT-3) or without (NT-4) the 1p/19q codeletion show intermediate levels of expression. This supports the importance of the IDH mutation in regulating neurotransmission-related gene programs in glioma [36,37].



The role of the IDH mutation as a trigger of the CpG island methylator phenotype in IDH-mutated gliomas via the production of 2-hydroxyglutarate (2-HG) oncometabolite is well-established [38,39]. It is interesting to note that—while the average methylation of neurotransmission genes in NT-1 gliomas is high, as expected from a group mainly composed of IDH-mutated tumors—these tumors are distinct from other IDH-mutated gliomas by the partial preservation of their capacity to silence neurotransmission genes through methylation. We can speculate that epigenetic DNA methylation events that follow IDH mutation in early gliomagenesis target neurotransmission genes randomly, thereby accounting for heterogeneous neurotransmission-related profiles and selective vulnerabilities within IDH-mutated tumors. Neurotransmitter-related genes amenable to epigenetic reprogramming may impact the therapeutic efficacy of experimental anti-cancer DNA demethylating drugs [40].



Neurotransmission-based glioma clusters are also distinct by virtue of altered expression of miRNAs interacting with GABA-, glutamate- and calcium-related genes. In particular, four miRNAs (hsa-mir-100, hsa-mir-183, hsa-mir-128-2 and hsa-mir-23a) were shown to be highly expressed in comparison to the other deregulated miRNAs. In gliomas, hsa-mir-183 promotes cell proliferation, invasion, angiogenesis and radioresistance [41,42,43,44,45,46] and is overexpressed in NT-3 and NT-4 IDH-mutated gliomas. The hsa-mir-128-2 miRNA, which is overexpressed in the NT-1 cluster, has an inhibitory role on tumor growth and angiogenesis in glioma [47]. Furthermore, its overexpression is associated with an increase of temozolomide cytotoxicity and chemosensitivity in glioma and a decrease in chemotherapeutic resistance in breast cancer [48,49,50]. Next, hsa-mir-23a promotes cell growth [51], proliferation [52] and invasion [53] in glioma and participates in colorectal cancer cell chemoresistance [54,55]. As for hsa-mir-100, its overexpression is associated with reductions in cell proliferation [56], growth [57] and chemoresistance [58] even though it is overexpressed in more aggressive NT-2 gliomas. Overall, the differential expression of miRNAs directly interacting with neurotransmission-related genes represents another layer of epigenetic diversity between NT-1-4 gliomas that may impact treatment response and resistance.



Correlations between the CHRM1, CHRM3 and GRIN-1 NT-1-4 glioma intersecting gene signatures and various immune signaling pathways suggested that NT gliomas may be endowed with distinct tumor immune microenvironments. Further, 2-HG is an important mediator of tumor immunity in IDH-mutated gliomas. It acts as a suppressor of antitumor T-cell activity and also impedes macrophage recruitment in gliomas by altering tryptophan metabolism [59,60]. Lower pools of M2-phenotype macrophages were detected in NT-1 gliomas when compared to NT-2-4 gliomas. Considering the anti-tumor and immunosuppressive functions of this type of macrophage in gliomas, this observation could be in keeping with a less suppressive and less tumor-supportive inflammatory microenvironment in NT-1 gliomas, partly explained by their IDH status but also promoted by operational neurotransmitter signaling pathways modulated by released GABA or glutamate in cancer or microenvironment cells [61].



We identified novel, neurotransmission-based glioma subgroups with their peculiarities in terms of expression, epigenetics (methylation and miRNAs) and inflammatory microenvironment. These findings may be of clinical relevance should neurotransmitter pathways impacting tumor aggressiveness be actionable or reactivable in gliomas, whether it is through epigenetic-based strategies for IDH-mutated tumors or any other strategy for IDH-wt gliomas.



The adult gliomas included in this study are infiltrative by nature. It is thus expected that brain biopsy samples will include non-neoplastic brain cells. We do expect that some of the differentially expressed NT genes identified in this study belong to the non-neoplastic tumor microenvironment, where they can still impact tumor aggressiveness. Further bioinformatics studies on microdissected tumor tissue and single-cell RNA sequencing data will help to specify more precisely the location of neurotransmission targets in tumor cells versus non-neoplastic tumor cells of the microenvironment. Experimental studies targeting neurotransmitter signaling elements and relevant miRNAs in vitro will also further our knowledge regarding the impact of these pathways on glioma aggressiveness.




5. Conclusions


This multi-omics analysis revealed the existence of neurotransmission-based glioma categories with significant differences in regard to neurotransmission-related gene expression, methylation, and miRNA profiles in adult gliomas. It also revealed alterations in the nature of the tumor inflammatory microenvironment between NT glioma subgroups. Deciphering operational neurotransmitter signaling pathways and underpinning mechanisms that may represent actionable targets is a promising personalized treatment avenue to explore for glioma patients as a complement to current radiotherapy and chemotherapy treatments in an attempt to improve clinical outcomes.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/jpm12040633/s1. Supplementary Data Figure S1: Upset plot describing the 351 neurotransmission-related genes used in our analyses. These gene sets were taken from the KEGG metabolic database, Supplementary data Table S1: List of 351 neurotransmitter-related genes used for unsupervised clustering (>10 counts), Supplementary Data Figure S2: Average entropy of the TCGA glioma expression dataset unsupervised clustering based on the IDH and 1p/19q codeletion status, according to the number of clusters generated. The optimal number of clusters is equal to 4 (red dot), Supplementary Data Table S2: Distribution of the NT-1-4 glioma clusters among the 661 TCGA glioma samples, Supplementary Data Figure S3: Gene ontology enrichment analysis on correlated genes between previously-identified NT1-4 intersecting genes (CHRM1, CHRM3 and GRIN1) and non-neurotransmission-related genes., Supplementary Data Table S3: Distribution of biomolecular and epidemiological variables among NT-1-4 glioma clusters, Supplementary Data Figure S4: Significant Gene Ontology group terms associated with cell activation, cell proliferation and movement of cell or subcellular component gene ontology level 3 gene ontology group terms. Colors represent the correlation type (blue and red for negative and positive correlations, respectively). Supplementary Data Table S4: Distribution of overexpressed and underexpressed neurotransmission-related genes in NT-1-4 gliomas, Supplementary Data Figure S5. Significant Gene Ontology group terms associated with system process, macromolecule localization, establishment of localization, regulation of biological quality, cellular component organization or biogenesis and cell communication gene level 3 gene ontology group terms. Colors represent the correlation type (blue and red for negative and positive correlations, respectively), Supplementary Data Table S5: Average expression levels of 73 differentially expressed miRNAs in NT-1-4 gliomas. Supplementary Data Table S6: Positive and negative correlations between CHRM1, CHRM3 and GRIN-1 genes and nonrelated neurotransmission genes. Supplementary Data Table S7: Comparison of immune cell type enrichment among NT-1-4 glioma clusters generated by the CIBERSORT analysis tool. Supplementary Data Table S8: Distribution of biomolecular and epidemiological variables among CGGA NT-1-4-like glioma clusters.





Author Contributions


Conceptualization, H.D.N., M.S.S. and M.R.; methodology, H.D.N. and M.S.S.; software, H.D.N.; validation, H.D.N., M.S.S. and M.R.; formal analysis, H.D.N.; investigation, H.D.N.; data curation, H.D.N.; writing—original draft preparation, H.D.N., P.D., M.S.S. and M.R.; writing—review and editing, H.D.N., P.D., M.S.S. and M.R.; visualization, H.D.N.; supervision, M.S.S. and M.R.; funding acquisition, M.S.S. and M.R. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Fonds de Recherche du Québec Santé Research Scholar Junior 1 Career Award to M.R. (RGPIN-2018-269187) and Fonds de Recherche du Québec Santé Senior Research Scholar Career Award to MS.S. (RGPIN-2022-296343). HD.N. was supported by RNA Innovation program scholarship (NSERC CREATE).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data used in the study are available in the TCGA public databases. The datasets supporting the conclusions of this article are included within the article (and its additional files).




Acknowledgments


We thank members of the Scott bioinformatics laboratory for many stimulating and enriching discussions. We also thank TCGA for making the data publicly available to the scientific community. We also thank Compute Canada for providing state-of-the-art computational resources to the Canadian scientific community.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.




References


	



Louis, D.N.; Perry, A.; Wesseling, P.; Brat, D.J.; Cree, I.A.; Figarella-Branger, D.; Hawkins, C.; Ng, H.K.; Pfister, S.M.; Reifenberger, G.; et al. The 2021 WHO Classification of Tumors of the Central Nervous System: A summary. Neuro-Oncology 2021, 23, 1231–1251. [Google Scholar] [CrossRef] [PubMed]

	



Ortega, A.; Nuño, M.; Walia, S.; Mukherjee, D.; Black, K.L.; Patil, C.G. Treatment and survival of patients harboring histological variants of glioblastoma. J. Clin. Neurosci. 2014, 21, 1709–1713. [Google Scholar] [CrossRef] [PubMed]

	



Nicholson, J.G.; Fine, H.A. Diffuse Glioma Heterogeneity and Its Therapeutic Implications. Cancer Discov. 2021, 11, 575–590. [Google Scholar] [CrossRef] [PubMed]

	



Shirai, K.; Chakravarti, A. Towards personalized therapy for patients with glioblastoma. Expert Rev. Anticancer Ther. 2011, 11, 1935–1944. [Google Scholar] [CrossRef]

	



Holland, E.; Ene, C. Personalized Medicine for Gliomas. Surg. Neurol. Int. 2015, 6, 89–95. [Google Scholar] [CrossRef]

	



Manini, I.; Caponnetto, F.; Bartolini, A.; Ius, T.; Mariuzzi, L.; Loreto, C.D.; Beltrami, A.P.; Cesselli, D. Role of Microenvironment in Glioma Invasion: What We Learned from In Vitro Models. Int. J. Mol. Sci. 2018, 19, 147. [Google Scholar] [CrossRef]

	



Cohen, A.L.; Holmen, S.L.; Colman, H. IDH1 and IDH2 Mutations in Gliomas. Curr. Neurol. Neurosci. Rep. 2013, 13, 1–7. [Google Scholar] [CrossRef]

	



Berzero, G.; Di Stefano, A.L.; Ronchi, S.; Bielle, F.; Villa, C.; Guillerm, E.; Capelle, L.; Mathon, B.; Laurenge, A.; Giry, M.; et al. IDH-wildtype lower-grade diffuse gliomas: The importance of histological grade and molecular assessment for prognostic stratification. Neuro-Oncology 2021, 23, 955–966. [Google Scholar] [CrossRef]

	



Wesseling, P.; Bent, M.V.D.; Perry, A. Oligodendroglioma: Pathology, molecular mechanisms and markers. Acta Neuropathol. 2015, 129, 809–827. [Google Scholar] [CrossRef]

	



Wu, N.; Yang, M.; Gaur, U.; Xu, H.; Yao, Y.; Li, D. Alpha-Ketoglutarate: Physiological Functions and Applications. Biomol. Ther. 2016, 24, 1–8. [Google Scholar] [CrossRef]

	



Schousboe, A.; Bak, L.K.; Waagepetersen, H.S. Astrocytic Control of Biosynthesis and Turnover of the Neurotransmitters Glutamate and GABA. Front. Endocrinol. 2013, 4, 102. [Google Scholar] [CrossRef] [PubMed]

	



Reiter-Brennan, C.; Semmler, L.; Klein, A. The effects of 2-hydroxyglutarate on the tumorigenesis of gliomas. Contemp. Oncol. 2018, 22, 215–222. [Google Scholar] [CrossRef] [PubMed]

	



Venkatesh, H.S.; Morishita, W.; Geraghty, A.C.; Silverbush, D.; Gillespie, S.M.; Arzt, M.; Tam, L.T.; Espenel, C.; Ponnuswami, A.; Ni, L.; et al. Electrical and synaptic integration of glioma into neural circuits. Nature 2019, 573, 539–545. [Google Scholar] [CrossRef] [PubMed]

	



Crowley, T.; Cryan, J.F.; Downer, E.J.; O’Leary, O.F. Inhibiting neuroinflammation: The role and therapeutic potential of GABA in neuro-immune interactions. Brain. Behav. Immun. 2016, 54, 260–277. [Google Scholar] [CrossRef] [PubMed]

	



LoTurco, J.J.; Owens, D.F.; Heath, M.J.S.; Davis, M.B.E.; Kriegstein, A.R. GABA and glutamate depolarize cortical progenitor cells and inhibit DNA synthesis. Neuron 1995, 15, 1287–1298. [Google Scholar] [CrossRef]

	



Favuzzi, E.; Saldi, G.A.; Binan, L.; Ibrahim, L.A.; Fernández-Otero, M.; Cao, Y.; Zeine, A.; Sefah, A.; Zheng, K.; Xu, Q.; et al. GABA-receptive microglia selectively sculpt developing inhibitory circuits. Cell 2021, 184, 4048–4063.e32. [Google Scholar] [CrossRef] [PubMed]

	



Huberfeld, G.; Vecht, C.J. Seizures and gliomas—Towards a single therapeutic approach. Nat. Rev. Neurol. 2016, 12, 204–216. [Google Scholar] [CrossRef]

	



Network, T.C.G.A. Comprehensive, Integrative Genomic Analysis of Diffuse Lower-Grade Gliomas. N. Engl. J. Med. 2015, 372, 2481–2498. [Google Scholar]

	



Brennan, C.W.; Verhaak, R.G.W.; McKenna, A.; Campos, B.; Noushmehr, H.; Salama, S.R.; Zheng, S.; Chakravarty, D.; Sanborn, J.Z.; Berman, S.H.; et al. The Somatic Genomic Landscape of Glioblastoma. Cell 2013, 155, 462–477. [Google Scholar] [CrossRef]

	



Ceccarelli, M.; Barthel, F.P.; Malta, T.M.; Sabedot, T.S.; Salama, S.R.; Murray, B.A.; Morozova, O.; Newton, Y.; Radenbaugh, A.; Pagnotta, S.M.; et al. Molecular Profiling Reveals Biologically Discrete Subsets and Pathways of Progression in Diffuse Glioma. Cell 2016, 164, 550–563. [Google Scholar] [CrossRef]

	



Zhao, Z.; Meng, F.; Wang, W.; Wang, Z.; Zhang, C.; Jiang, T. Comprehensive RNA-seq transcriptomic profiling in the malignant progression of gliomas. Sci. Data 2017, 4, 170024. [Google Scholar] [CrossRef] [PubMed]

	



Bao, Z.S.; Chen, H.M.; Yang, M.Y.; Zhang, C.B.; Yu, K.; Ye, W.L.; Hu, B.Q.; Yan, W.; Zhang, W.; Akers, J.; et al. RNA-seq of 272 gliomas revealed a novel, recurrent PTPRZ1-MET fusion transcript in secondary glioblastomas. Genome Res. 2014, 24, 1765–1773. [Google Scholar] [CrossRef] [PubMed]

	



Zhao, Z.; Zhang, K.N.; Wang, Q.; Li, G.; Zeng, F.; Zhang, Y.; Wu, F.; Chai, R.; Wang, Z.; Zhang, C.; et al. Chinese Glioma Genome Atlas (CGGA): A Comprehensive Resource with Functional Genomic Data from Chinese Glioma Patients. Genom. Proteom. Bioinform. 2021, 19, 1–12. [Google Scholar] [CrossRef] [PubMed]

	



Kanehisa, M.; Goto, S. KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res. 1999, 27, 29–34. [Google Scholar] [CrossRef] [PubMed]

	



Love, M.I.; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. 2014, 15, 550. [Google Scholar] [CrossRef]

	



Gu, Z.; Eils, R.; Schlesner, M. Complex heatmaps reveal patterns and correlations in multidimensional genomic data. Bioinformatics 2016, 32, 2847–2849. [Google Scholar] [CrossRef]

	



Lin, Y.; Liu, T.; Cui, T.; Wang, Z.; Zhang, Y.; Tan, P.; Huang, Y.; Yu, J.; Wang, D. RNAInter in 2020: RNA interactome repository with increased coverage and annotation. Nucleic Acids Res. 2019, 48, D189–D197. [Google Scholar] [CrossRef]

	



Köster, J.; Rahmann, S. Snakemake--a scalable bioinformatics workflow engine. Bioinformatics 2012, 28, 2520–2522. [Google Scholar] [CrossRef]

	



Nguyen, H.D.; Allaire, A.; Diamandis, P.; Bisaillon, M.; Scott, M.S.; Richer, M. A machine learning analysis of a “normal-like” IDH-WT diffuse glioma transcriptomic subgroup associated with prolonged survival reveals novel immune and neurotransmitter-related actionable targets. BMC Med. 2020, 18, 1–18. [Google Scholar] [CrossRef]

	



Louis, D.N.; Ohgaki, H.; Wiestler, O.D.; Cavenee, W.K.; Burger, P.C.; Jouvet, A.; Scheithauer, B.W.; Kleihues, P. The 2007 WHO classification of tumours of the central nervous system. Acta Neuropathol. 2007, 114, 97–109. [Google Scholar] [CrossRef]

	



Goodall, G.J.; Wickramasinghe, V.O. RNA in cancer. Nat. Rev. Cancer 2021, 21, 22–36. [Google Scholar] [CrossRef] [PubMed]

	



Newman, A.M.; Steen, C.B.; Liu, C.L.; Gentles, A.J.; Chaudhuri, A.A.; Scherer, F.; Khodadoust, M.S.; Esfahani, M.S.; Luca, B.A.; Steiner, D.; et al. Determining cell type abundance and expression from bulk tissues with digital cytometry. Nat. Biotechnol. 2019, 37, 773–782. [Google Scholar] [CrossRef] [PubMed]

	



Rusk, N. Expanded CIBERSORTx. Nat. Methods 2019, 16, 577. [Google Scholar] [CrossRef] [PubMed]

	



Lakomy, R.; Kazda, T.; Selingerova, I.; Poprach, A.; Pospisil, P.; Belanova, R.; Fadrus, P.; Vybihal, V.; Smrcka, M.; Jancalek, R.; et al. Real-World Evidence in Glioblastoma: Stupp’s Regimen After a Decade. Front. Oncol. 2020, 10, 840. [Google Scholar] [CrossRef]

	



Radin, D.P.; Tsirka, S.E. Interactions between Tumor Cells, Neurons, and Microglia in the Glioma Microenvironment. Int. J. Mol. Sci. 2020, 21, 28476. [Google Scholar] [CrossRef]

	



Dang, L.; White, D.W.; Gross, S.; Bennett, B.D.; Bittinger, M.A.; Driggers, E.M.; Fantin, V.R.; Jang, H.G.; Jin, S.; Keenan, M.C.; et al. Cancer-associated IDH1 mutations produce 2-hydroxyglutarate. Nature 2009, 462, 739–744. [Google Scholar] [CrossRef]

	



Jalbert, L.E.; Elkhaled, A.; Phillips, J.J.; Neill, E.; Williams, A.; Crane, J.C.; Olson, M.P.; Molinaro, A.M.; Berger, M.S.; Kurhanewicz, J.; et al. Metabolic Profiling of IDH Mutation and Malignant Progression in Infiltrating Glioma. Sci. Rep. 2017, 7, 44792. [Google Scholar] [CrossRef]

	



Turcan, S.; Rohle, D.; Goenka, A.; Walsh, L.A.; Fang, F.; Yilmaz, E.; Campos, C.; Fabius, A.W.M.; Lu, C.; Ward, P.S.; et al. IDH1 mutation is sufficient to establish the glioma hypermethylator phenotype. Nature 2012, 483, 479–483. [Google Scholar] [CrossRef]

	



Raineri, S.; Mellor, J. IDH1: Linking Metabolism and Epigenetics. Front. Genet. 2018, 9, 493. [Google Scholar] [CrossRef]

	



Marquez, V.E.; Kelley, J.A.; Agbaria, R.; Ben-Kasus, T.; Cheng, J.C.; Yoo, C.B.; Jones, P.A. Zebularine: A Unique Molecule for an Epigenetically Based Strategy in Cancer Chemotherapy. Ann. N. Y. Acad. Sci. 2005, 1058, 246–254. [Google Scholar] [CrossRef]

	



Ye, Z.; Zhang, Z.; Wu, L.; Liu, C.; Chen, Q.; Liu, J.; Wang, X.; Zhuang, Z.; Li, W.; Xu, S.; et al. Upregulation of miR-183 expression and its clinical significance in human brain glioma. Neurol. Sci. Off. J. Ital. Neurol. Soc. Ital. Soc. Clin. Neurophysiol. 2016, 37, 1341–1347. [Google Scholar] [CrossRef] [PubMed]

	



Tanaka, H.; Sasayama, T.; Tanaka, K.; Nakamizo, S.; Nishihara, M.; Mizukawa, K.; Kohta, M.; Koyama, J.; Miyake, S.; Taniguchi, M.; et al. MicroRNA-183 upregulates HIF-1α by targeting isocitrate dehydrogenase 2 (IDH2) in glioma cells. J. Neuro-Oncol. 2013, 111, 273–283. [Google Scholar] [CrossRef] [PubMed]

	



Fan, H.; Yuan, R.; Cheng, S.; Xiong, K.; Zhu, X.; Zhang, Y. Overexpressed miR-183 promoted glioblastoma radioresistance via down-regulating LRIG1. Biomed. Pharmacother. 2018, 97, 1554–1563. [Google Scholar] [CrossRef] [PubMed]

	



Ichiyama, K.; Dong, C. The role of miR-183 cluster in immunity. Cancer Lett. 2018, 443, 108–114. [Google Scholar] [CrossRef]

	



Gong, F.-H.; Long, L.; Yang, Y.-S.; Shen, D.-H.; Zhang, Y.-S.; Wang, X.-S.; Zhang, X.-P.; Xiao, X.-Q. Attenuated macrophage activation mediated by microRNA-183 knockdown through targeting NR4A2. Exp. Ther. Med. 2021, 21, 1. [Google Scholar] [CrossRef]

	



Muraleedharan, C.K.; McClellan, S.A.; Barrett, R.P.; Li, C.; Montenegro, D.; Carion, T.; Berger, E.; Hazlett, L.D.; Xu, S. Inactivation of the miR-183/96/182 Cluster Decreases the Severity of Pseudomonas aeruginosa-Induced Keratitis. Investig. Ophthalmol. Vis. Sci. 2016, 57, 1506–1517. [Google Scholar] [CrossRef]

	



Shi, Z.; Wang, J.; Yan, Z.; You, Y.; Li, C.; Qian, X.; Yin, Y.; Zhao, P.; Wang, Y.; Wang, X.; et al. MiR-128 Inhibits Tumor Growth and Angiogenesis by Targeting p70S6K1. PLoS ONE 2012, 7, e32709. [Google Scholar] [CrossRef]

	



Zhu, Y.; Yu, F.; Jiao, Y.; Feng, J.; Tang, W.; Yao, H.; Gong, C.; Chen, J.; Su, F.; Zhang, Y.; et al. Reduced miR-128 in breast tumor-initiating cells induces chemotherapeutic resistance via Bmi-1 and ABCC5. Clin. Cancer Res. Off. J. Am. Assoc. Cancer Res. 2011, 17, 7105–7115. [Google Scholar] [CrossRef]

	



Chen, P.H.; Cheng, C.H.; Shih, C.M.; Ho, K.H.; Lin, C.W.; Lee, C.C.; Liu, A.J.; Chang, C.K.; Chen, K.C. The Inhibition of microRNA-128 on IGF-1-Activating mTOR Signaling Involves in Temozolomide-Induced Glioma Cell Apoptotic Death. PLoS ONE 2016, 11, e0167096. [Google Scholar] [CrossRef]

	



She, X.; Yu, Z.; Cui, Y.; Lei, Q.; Wang, Z.; Xu, G.; Xiang, J.; Wu, M.; Li, G. miR-128 and miR-149 enhance the chemosensitivity of temozolomide by Rap1B-mediated cytoskeletal remodeling in glioblastoma. Oncol. Rep. 2014, 32, 957–964. [Google Scholar] [CrossRef]

	



Lian, S.; Shi, R.; Bai, T.; Liu, Y.; Miao, W.; Wang, H.; Liu, X.; Fan, Y. Anti-miRNA-23a oligonucleotide suppresses glioma cells growth by targeting apoptotic protease activating factor-1. Curr. Pharm. Des. 2013, 19, 6382–6389. [Google Scholar] [CrossRef] [PubMed]

	



Xu, W.; Liu, M.; Peng, X.; Zhou, P.; Zhou, J.; Xu, K.; Xu, H.; Jiang, S. MiR-24-3p and miR-27a-3p promote cell proliferation in glioma cells via cooperative regulation of MXI1. Int. J. Oncol. 2013, 42, 757–766. [Google Scholar] [CrossRef] [PubMed]

	



Hu, X.; Chen, D.; Cui, Y.; Li, Z.; Huang, J. Targeting microRNA-23a to inhibit glioma cell invasion via HOXD10. Sci. Rep. 2013, 3, 3423. [Google Scholar] [CrossRef] [PubMed]

	



Shang, J.; Yang, F.; Wang, Y.; Wang, Y.; Xue, G.; Mei, Q.; Wang, F.; Sun, S. MicroRNA-23a antisense enhances 5-fluorouracil chemosensitivity through APAF-1/caspase-9 apoptotic pathway in colorectal cancer cells. J. Cell. Biochem. 2014, 115, 772–784. [Google Scholar] [CrossRef]

	



Li, X.; Liao, D.; Wang, X.; Wu, Z.; Nie, J.; Bai, M.; Fu, X.; Mei, Q.; Han, W. Elevated microRNA-23a Expression Enhances the Chemoresistance of Colorectal Cancer Cells with Microsatellite Instability to 5-Fluorouracil by Directly Targeting ABCF1. Curr. Protein Pept. Sci. 2015, 16, 301–309. [Google Scholar] [CrossRef]

	



Alrfaei, B.M.; Vemuganti, R.; Kuo, J.S. microRNA-100 Targets SMRT/NCOR2, Reduces Proliferation, and Improves Survival in Glioblastoma Animal Models. PLoS ONE 2013, 8, e80865. [Google Scholar] [CrossRef]

	



Alrfaei, B.M.; Clark, P.; Vemuganti, R.; Kuo, J.S. MicroRNA miR-100 Decreases Glioblastoma Growth by Targeting SMARCA5 and ErbB3 in Tumor-Initiating Cells. Technol. Cancer Res. Treat. 2020, 19. [Google Scholar] [CrossRef]

	



Luan, Y.; Zhang, S.; Zuo, L.; Zhou, L. Overexpression of miR-100 inhibits cell proliferation, migration, and chemosensitivity in human glioblastoma through FGFR3. OncoTargets Ther. 2015, 8, 3391–3400. [Google Scholar]

	



Bunse, L.; Pusch, S.; Bunse, T.; Sahm, F.; Sanghvi, K.; Friedrich, M.; Alansary, D.; Sonner, J.K.; Green, E.; Deumelandt, K.; et al. Suppression of antitumor T cell immunity by the oncometabolite (R)-2-hydroxyglutarate. Nat. Med. 2018, 24, 1192–1203. [Google Scholar] [CrossRef]

	



Friedrich, M.; Sankowski, R.; Bunse, L.; Kilian, M.; Green, E.; Ramallo Guevara, C.; Pusch, S.; Poschet, G.; Sanghvi, K.; Hahn, M.; et al. Tryptophan metabolism drives dynamic immunosuppressive myeloid states in IDH-mutant gliomas. Nat. Cancer 2021, 2, 723–740. [Google Scholar] [CrossRef]

	



Kennedy, B.C.; Showers, C.R.; Anderson, D.E.; Anderson, L.; Canoll, P.; Bruce, J.N.; Anderson, R.C.E. Tumor-associated macrophages in glioma: Friend or foe? J. Oncol. 2013, 2013, 486912. [Google Scholar] [CrossRef] [PubMed]








[image: Jpm 12 00633 g001 550] 





Figure 1. GABA, glutamate and calcium pathway-related gene expression signatures of 661 TCGA gliomas samples. Four clusters were generated by hierarchical unsupervised clustering using Pearson correlation (glioma samples in column) and Minkowski distance (genes in rows). Ward.D2 clustering method was selected for this clustering. Colors in rows represent different KEGG metabolic pathways of the included neurotransmission genes. 
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Figure 2. Distribution of frequent glioma molecular alterations within the four subgroups identified by GABA, glutamate and calcium gene expression-based unsupervised clustering. The molecular information for NT-1-4 gliomas was in accordance with the latest recommendations of the WHO classification of tumors of the central nervous system. 
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Figure 3. (A) Kaplan–Meier survival curves associated with NT-1-4 gliomas. Red, blue, green and purple represent the various NT-1-4 glioma clusters, respectively. Cluster-to-cluster significance was calculated using the log-rank test. (B) Karnofsky performance score distribution among NT-1-4 gliomas. These scores reflect the patient’s ability to perform ordinary tasks and range from 100 (patient without disabilities) to 0 (patient death). 
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Figure 4. (A) Upset plot representing the differential gene cluster-to-cluster expression analysis. A total of 232 genes were differentially expressed in NT-1-4 gliomas (up- or downregulated). Each row represents a specific cluster comparison; columns represent the number of common genes. Each linked black point represents intersecting genes between glioma clusters. (B) GABA-, glutamate- and calcium-related gene expression profiles for NT-1-4 gliomas. Average normalized expression was performed with the DESeq2 v1.26.0 R package. Healthy samples (n = 5) were also included in this analysis. Genes were ordered by descending expression levels of the healthy samples. (C) CHRM1, CHRM3 and GRIN1 gene expression levels in NT-1-4 gliomas. Expression levels are presented in log2 FPKM for 3 intersecting genes from all 6 cluster-to-cluster expression analyses (* p < 0.05, ** p < 0.001 and *** p < 0.0001). 
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Figure 5. (A) DNA methylation levels associated with neurotransmission-related genes used for NT1-4 glioma unsupervised clustering. Average methylation beta values of 351 neurotransmission-related genes reflect DNA hypomethylation (beta = 0) and hypermethylation (beta = 1). Healthy samples (n = 2) were also added to the analysis. (B) DNA methylation profiles associated with neurotransmission-related genes used for NT1-4 glioma unsupervised clustering. A total of 351 individual gene methylation beta-values are sorted in descending order and rated between 0 and 1. Healthy samples (n = 2) were also added to the analysis. (C) Correlation between average neurotransmission-related gene DNA hypermethylation and expression in NT-1-4 gliomas (n = 661). Each point represents a glioma sample, and the color is specifically related to the NT glioma cluster (*** p < 0.001). 
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Figure 6. (A). Number of differentially highly or lowly expressed miRNAs identified in NT-1-4 gliomas. The differential analysis was performed using DESeq2 R packages without taking into account healthy samples (n = 5). High or low expression of miRNAs in an NT cluster indicates the miRNAs having the highest/lowest expression in one of the four NT clusters. (B) Average expression levels for hsa-mir-100, hsa-mir-183, hsa-mir-128 and hsa-mir-23a in NT-1-4 gliomas. Stars represent the significance of the glioma cluster compared to the others (healthy samples are excluded in the comparison: * p < 0.05; *** p < 0.001). 
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Figure 7. (A) ESTIMATE R tumor purity for the NT-1, NT-2, NT-3 and NT-4 gliomas. Purity scores were inferred from the presence of infiltrating immune/stromal cells (*** p < 0.001). (B) Immune cell type inference for NT-1, NT-2, NT-3 and NT-4 gliomas using CIBERSORT and CIBERSORT-ABS tools. CIBERSORT generates an immune cell fraction relative to the total immune cell content; CIBERSORTx generates an absolute proportion of each cell type. (C) Variable contributions within the first and second principal components. The PCA was performed on the CIBERSORTx immune cell composition inference data. 






Figure 7. (A) ESTIMATE R tumor purity for the NT-1, NT-2, NT-3 and NT-4 gliomas. Purity scores were inferred from the presence of infiltrating immune/stromal cells (*** p < 0.001). (B) Immune cell type inference for NT-1, NT-2, NT-3 and NT-4 gliomas using CIBERSORT and CIBERSORT-ABS tools. CIBERSORT generates an immune cell fraction relative to the total immune cell content; CIBERSORTx generates an absolute proportion of each cell type. (C) Variable contributions within the first and second principal components. The PCA was performed on the CIBERSORTx immune cell composition inference data.



[image: Jpm 12 00633 g007a][image: Jpm 12 00633 g007b]







[image: Jpm 12 00633 g008a 550][image: Jpm 12 00633 g008b 550] 





Figure 8. (A) Distribution of glioma molecular alterations in CGGA neurotransmission-related glioma clusters. The four clusters were generated by hierarchical unsupervised clustering using Pearson correlation (glioma samples in column) and Minkowski distance (genes in rows). Ward.D2 clustering method was selected for this clustering. (B) Kaplan–Meier survival curves associated with the CGGA NT-1-4 like glioma clusters. Red, blue, green and purple represent the various CGGA NT-1-4-like glioma clusters, respectively. Cluster-to-cluster significance was calculated using the log-rank test. (C) Immune cell type inference for NT-1-4 like gliomas using CIBERSORT. CIBERSORT infers the immune cell fraction relative to the total immune cell content. 
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Table 1. Age at diagnosis and gender for NT-1-4 gliomas.
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Variable

	
Category

	
NT-1 (n = 168)

	
NT-2 (n = 188)

	
NT-3 (n = 81)

	
NT-4 (n = 224)






	
Gender

	
Female

	
77 (45.8%)

	
75 (39.9%)

	
39 (48.1%)

	
88 (39.3%)




	
Male

	
90 (53.6%)

	
113 (60.1%)

	
42 (51.9%)

	
135 (60.3%)




	
Unknown

	
1 (0.6%)

	
0 (0.0%)

	
0 (0.0%)

	
1 (0.4%)




	
Age at Diagnosis

	
Min.

	
14

	
24

	
22

	
18




	
1st Qu.

	
32.5

	
51

	
36

	
31




	
Median

	
40

	
59

	
46

	
38




	
Mean

	
42.69

	
58.12

	
45.59

	
41.03




	
3rd Qu.

	
53

	
66.25

	
53

	
49




	
Max.

	
87

	
85

	
75

	
89
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Table 2. Univariate and multivariate Cox regression analysis. Cluster (NT-1, NT-2, NT-3 and NT-4), gender (male and female), age at diagnosis and glioma grade (G1, G2, G3 and G4) information were integrated into this analysis as covariates.
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Univariate Cox Regression

	
Multivariate Cox Regression




	
Covariate

	
Category

	
Beta

	
HR (95% CI for HR)

	
p-value

	
Beta

	
HR (95% CI for HR)

	
p-value






	
Cluster

	
NT-1

	
Reference

	
Reference




	
NT-2

	
2.216

	
9.169 (6.167–13.633)

	
6.62 × 10−28

	
0.901

	
2.461 (1.533–3.952)

	
1.93 × 10−4




	
NT-3

	
−0.262

	
0.769 (0.398–1.485)

	
4.35 × 10−1

	
−0.456

	
0.634 (0.327–1.229)

	
1.77 × 10−1




	
NT-4

	
0.433

	
1.543 (1.020–2.333)

	
4.00 × 10−2

	
0.31

	
1.363 (0.894–2.079)

	
1.51 × 10−1




	
Gender

	
Female

	
Reference

	
Reference




	
Male

	
0.202

	
1.224 (0.947–1.582)

	
1.22 × 10−1

	
0.029

	
1.029 (0.794–1.334)

	
8.29 × 10−1




	
Age at Diagnosis

	

	
0.066

	
1.068 (1.058–1.079)

	
9.31 × 10−42

	
0.039

	
1.040 (1.028–1.052)

	
4.32 × 10−11




	
Grade

	
G2

	
Reference

	
Reference




	
G3

	
1.148

	
3.153 (2.054–4.841)

	
1.53 × 10−7

	
0.972

	
2.644 (1.717–4.074)

	
1.03 × 10−5




	
G4

	
2.976

	
19.605 (12.821–29.978)

	
6.38 × 10−43

	
1.772

	
5.883 (3.534–9.791)

	
9.30 × 10−12




	
Unknown

	
1.092

	
2.979 (1.652–5.370)

	
2.83 × 10−4

	
0.92

	
2.510 (1.381–4.565)

	
2.55 × 10−3

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
gigeid





media/file4.png
Histology

WHO 2007 [ iology

IDH status

WHO 2016 [ 1p/19q codeletion

cIMPACT-NOW 1 [ ATRX status
EGFR

TERT promoter status

cIMPACT-NOW 3 I:
Chr 7 gain/Chr 10 loss

CDKN2A

cIMPACT-NOW 5 [ CDKN2B

HD Nguyen et al, 2020 [_ cancertype

Histology
Grade

IDH status
1p/19q codeletion

ATRX status

EGFR

TERT promoter status
Chr 7 gain/Chr 10 loss

CDKN2A
CDKN2B

cancer type

SAMPLES

1
.%h e
(N O DU ROWOUMIIE DT U0 DOORUAD WO RCTOT OUNEOMUTR O
FIURRN O o O e e -——
JUTHETT MR DRDMDDRDDEDDRRRRNRRN [ J1UITEITED [
TITTRATARRTITIOTnn DT RO, Oy (v
AULETRORCRRRRERURTION DUDURCDRDRCRRURTRNRURDRRY  DRORURIRRRY COUTORURETRCRETERCETETEMEN O
AURDRRRRRRRRRITIO O DUNNVE O WOAONIY  DODRDNDDDN  OUDDDY DURDRDDE DD AN
AU O CLOMRROUAA0 TOXTE0E M PO RUEORAT OO 0 VRO A
TTRTTRTTT W O
R DRDRRURNNE | DORUORI O UTRTNECERE TR A DODDDIBUEN NN ONRT DA T
AN NI DU OO0 CUMEL O MU A
TURRRRERR TR, DORCRERRURURRR RN DRURCRRORND (RORCRREvR R R TR

B Astrocytoma ] Glioblastoma [Jjj Oligoastrocytoma [Jjj Oligodendroglioma

BG2  G3 G4

I Mutant i WT
B Codel Jjjj Non-codel

B Mutant Jjj WT
B Amplification [jij Deletion [ WT
B Mutant | WT

I Gain chr 7 & loss chr 10 I No combined CNA

1 Amplification | Deletion [§ WT
B Amplification © Deletion [} WT

JNL @oT





media/file26.jpg
“NTilke =NT2Lke =NT:3lke =NT4Lke

100
z
H
2
g
g
Eoso
5
g
2025
3
000
T % & %
Time (Months)
®
NTilke  NTzlke  NT3lke  NT4Like
8_cell naive N cell scivated
B-Cel iy Mooy
el eney Vadsiiage o
Sepen Naciopnage v
TeI-EBe e Hacopnage M2
TER e oy resing B MVGoR tenatc cot resing
B ey e Myciod-dennic-cal e
o e Vel iz
§ Ferregnioy (Feg) 8 MastGecising
B L st
e Resomnd

©





media/file27.png
Histology
Grade

IDH mutation status
1p19qg codeletion status

Histology
Grade

IDH mutation status
1p19q codeletion status

SAMPLES

Ll
il
10
{1

1

[l Astrocytoma ] Oligodendroglioma [i] Glioblastoma [ Unknown

BG2 G3 G4 P Unknown

I Mutant
B Codel

BwT
B Non-codel

(A)





media/file21.jpg
ns

Hohk

ok

Hokk
okx

Fkk

fundsowny.

10
04

NT4

NT3

NT2

NT1

Cluster

(A)





media/file3.jpg
SAMPLES
—/—

TONTL NT2 NT3 N4
wioun [ 2y SIS GO e pmm——
e i — . E—

eMPACT-NOW 1 [ ATexsows NSNS WNNSNNI S SS—

o
amoncrnow s [ renr oo Sos T
couan e - gy
ameactvows [ 3070 mmmmi (ARSI M E——

7 ganch 1010ss
HO Nguyen etal, 2020 [ cancerse NNNNNNININN WSS NN SN

T, Tt TR T

Hisology
Gase Wi o m:

O
19199 codeleton

G Ampscan Monken
TERY promoter sas B i o
7 ganh 101oss R Tr——ry

CONNIA 3 Atcsn o U
CORNZD I Ampcaon 1 o BT

canceripe e mor





media/file18.jpg
DESeq2 Normalized Expression Average

2]

Top 4 High Expressed mRNAS
(B)

cluster
NT1
N2
T3
T4

Heany





media/file14.jpg
 Average Gene Metyadon Vake






media/file28.png
=NT-1 Like =NT-2Like =NT-3Like =NT-4 Like

1.00 -

@)

~

&
1

O

&)

o
1

—

N

o)
1

Survival probability

0.00 -

0 50 100 150
Time (Months)

(B)

NT-1 Like NT-2 Like NT-3 Like NT-4 Like

B_cell naive B NK_cell_activated
B cell_memory B Monocyte
B cell plasma B Macrophage MO
T cel_CD8+ ' Macrophage M1
T cell_CD4+_naive _ B Macrophage_M2 .
T _cell_CD4+_memory_resting M Myeloid_dendritic_cell_resting
T_cell_CD4+ _memory_activated @ Myeloid_dendritic_cell_activated
T cell follicular_helper " Mast_cell_activated
T cell regulatory &regs) - Mast_cell_resting
T cell_gamma_delta ~ Eosinophil
NK cell resting ~ Neutrophil
)

0





media/file23.png
*kk

k%%

X%k
k%%

ns
|

k%%

© ©
o o
AjlundJown|

1.0
0.4

NT-4

NT-3

NT-2

NT-1

Cluster

(A)





media/file15.png
Methylation Levels

(Beta Values)

1.004 |

t

.
0.754 $ cluster

.

; B v

i Bl vz
0.50 4 |

. B3 v

.

‘ . NT-4
0.254 ‘ . Healthy
0.00 4
T T T T T
CALCIUM CALCIUM GABA GLUTAMATE GLUTAMATE
endocrine signaling synapse metabolism synapse

Kegg Metabolic Pathways

(A)





media/file19.png
Y
—
pa
N
T
pa
nd_
T
p
..I__
-
p

NT-1 NT-2 NT-3 NT-4

T T T T T 1 T 1 T T T i 1 T T T
N O 0O O < O 0 O < N O 0O © < N O
MM M N N N N o A A —

N
(Q\
SYNYIW passaidxaiapun Jo JaqunN

Ihlﬂ

NT-1 NT-2 NT-3 NT-4

| 1 I | I I 1
2 O 8 6 4 2 0
1 1

X3J9AQ JO JagquinN

14 -

1
O
—

o9SSal

T T T T
O© < N O
AN AN N «

SVYNdIW

© 18-

o

(A)





nav.xhtml


  jpm-12-00633


  
    		
      jpm-12-00633
    


  




  





media/file11.png
40+

30+

204

Number of Common Genes

I \T-4vs NT-g o)
() . . T O [} I
I \T-1vs NT-3 o
i R B Y o I
) DU e [}
e T e~ T L I

150

100 50
Number of Genes

Average Normalized Expression

0

(A)
== Healthy == NT-1 == NT-2 == NT-3 == NT-4

CALCIUM endocrine

1.50 +
1.25
1.00 +
0.75 1

GABA synapse

2.0

1.5+

1.0
llllllllllllllllllllll!lllGlehéslllllllllllllllllllll
GLUTAMATE metabolism

1.6 4

1.4 1 \

1.2

1.04

0.8- T

Genes

GLUTAMATE synapse

1.8

1.5+
1.2 4
0.9
0.6 1






media/file6.jpg
Karnofsky Performace Score (KPS)

1.00
075
& KPS
=3
8 0
S 050
o ——
a8 0
| R
unknown
025
0.00
NT-1 NT-2 NT-3 NT-4
Cluster

(B)





media/file16.png
Average Gene Methylation Value

Average Methylation Levels

(Beta Values)

== Healthy == NT-1 == NT-2 == NT-3 == NT-4

CALCIUM endocrine

1.00 1
0.75 1

0.25 1 .
O'OO h T T T T T T T

Neurotransmission-related Genes

CALCIUM signaling

1.00 4
0.75 1
0.50 4
0.25 1
0.00 -

Neurotransmission-related Genes

GABA synapse

1.00 -
075-
0.50 -
S "
———— W NP N o Ao > —
Neurotransmission-related Genes

GLUTAMATE metabolism

0.25 4
0.00 -

1.00 4

0.75 1

0.50 =

0.25 _,__.—}

0.00 ! — ? .
Neurotransmission-related Genes

GLUTAMATE synapse
1.00 4

0.75 \
0.50 4
0.25 1
0.00 +

Neurotransmission-related Genes

(B)

0.6 1

r=0.03;p=0.78
r=-0.53; p = 3.02 x 10713 **

r=-0.02; p=0.81

9.0 9.5 10.0 10.5 11.0
Average Gene Expression Value

(€)

@ NT-1
© NT-2
O NT-3
O NT-4





media/file2.png
GENES

SAMPLES
ﬁa —=‘.—.==.

NT-2

17 h, . ——
:" /‘O‘N‘}-

Kegg Pathways

¥ CALCIUM_endocrine

! CALCIUM_signaling

Il GABA_synapse
GLUTAMATE_metabolism

[ GLUTAMATE_synapse

DESeq2 Normalized Expression






media/file20.png
Healthy

cluster

L eeZ-lIW-esy

- 2-82T-lIW-esy

- £8T-lW-esy

- 00T-4W-esy

251

o L0 o n
i L

AN
abelany uoissaldx3 pazijewloN zbas3q

0 -

Top 4 High Expressed miRNAs

(B)





media/file10.jpg
Log2(FPKM)

10

- + !
CHRMG CHRML GRINT

Neurotransmission-Related Genes.

©)

o T
8 NT2
NT-3
NT-4
B3 Healthy






media/file5.jpg
= NT-1 = NT-2 =NT-3 = NT-4

1.004

o
N
a

Survival probability
o
&
o

o
N
a

0.004

0 50 100 150 200
Time (Months)
(A)





media/file7.png
Survival probability

= NT-1 = NT-2 = NT-3 = NT-4

1.00

0.75 -

0.50 -

0.25 -

0.00 +

0 50 100 150 200

Time (Months)
(A)






media/file24.png
0.2+

Absolute Quantification

CIBERSORT

NT-1 NT-2 NT-3 NT-4

CIBERSORT-X

0.005 1

0.000 1

-0.005 +

DIm2 (7.2%)

-0.010 -

-0.015 1

cluster

(B)

Variables - PCA

Macrophage MO

T cell CD4+ memory resting

Mast cell resting

Monocyte

Immune Cell Types

B_cell_naive

B_cell_memory

B_cell_plasma

T cell_CD8+

T_cell_CD4+_naive

T _cell_CD4+_memory_resting
cell_CD4+ memory activated

T —cell”_follicular_hel ‘P

T cell_ regulatory ( regs)

T cell_gamma_delta

NK_cell_resting

NK_cell_activated

Monocyte

Macrophage_MO

Macrophage M1

Macrophage_M2

Myeloid_dendritic_cell_resting

Myeloid_dendritic_cell_activated

Mast_cell_activated

Mast_cell_resting

Eosinophi

Neutrophil

Macrophage M2

0. 02
Dim1 (75.1%)

(€)

0.04

0.06





media/file1.jpg
SAMPLES

DESeqz Normatized Expression






media/file25.jpg
Histology
Grade

IDH mutation status.
1p19q codeletion status

Histology
Grade

1DH mutation status.
1p19q codeletion status

SAMPLES

s

W Astocytoma Il Oligodendrogloma [l Glioblastoma [ Unknown
WG2 13 WGt [ Unknown

W Mutant WY
M Codel [ Non-codel

(A





media/file12.png
Log2(FPKM)

-10 -

CHRM3 CHRM1
Neurotransmission-Related Genes

(€)

GRIN1






media/file9.jpg





media/file0.png





media/file22.jpg
s =

©





media/file8.png
Percentage

Karnofsky Performace Score (KPS)

1.00 -

0.75 4
KPS
B 100
= 5

0.50 4 B
60
- 50
B 40

unknown
0.25 -
0.00 4
NT-1 NT-2 NT-3 NT-4
Cluster

(B)





media/file17.jpg
B Hv B B

[
[—

8

98gIyg@OTNO

PR
88&IN
SYNYIW passaldxalapun Jo JaquinN

[
e
[E—
e

© T N O ®O T NSO DO T N O
SIJRIEIS=

SYNYIW passaldxalan0 Jo Jaquinn

NT-1 NT-2 NT-3 NT-4

(a)

NT-1 NT-2 NT-3 NT-4





