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Emerging evidence shows immune-related long noncoding RNAs  (ir-lncRNAs) perform critical roles in tumor progression and prognosis assessment. However, the identification of ir-lncRNAs and their clinical significance in human glioblastoma multiforme (GBM) remain largely unexplored. Here, a designed computational frame based on immune score was used to identify differentially expressed ir-lncRNAs (DEir-lncRNAs) from The Cancer Genome Atlas (TCGA) GBM program. The immune-related lncRNA signature (IRLncSig) composed of prognosis-related DEir-lncRNAs selected by Cox regression analysis and its clinical predictive values were verified, which was further validated by another dataset from the Gene Expression Omnibus database (GEO). Subsequently, the association between IRLncSig and immune cell infiltration, immune checkpoint inhibitor (ICI) biomarkers, O6-methylguanine-DNA methyltransferase (MGMT) gene expression, and biological function were also analyzed. After calculation, five prognosis-related ir-lncRNAs were included in the establishment of IRLncSig. The risk assessment based on IRLncSig indicated that the high-IRLncSig-score group was significantly associated with poor prognosis (p < 0.001), significant aggregation of macrophages (p < 0.05), higher ICI biomarker expression, and MGMT gene expression (p < 0.05). Signature-related lncRNAs may be involved in immune activities in the tumorigenesis and progression of GBM. In summary, the novel IRLncSig shows a promising clinical value in predicting the prognosis and immune landscape of GBM.
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Introduction

Glioblastoma multiforme (GBM) is one of the most aggressive and deadly malignant solid tumors. It has been reported that the 5-year survival rate of 12,120 newly diagnosed glioblastoma patients in the United States is only 5% (1). Even with great efforts, conventional treatment strategies poorly improve the prognosis of GBM patients. With the combination of existing treatment strategies, including maximal-safe surgical resection, adjuvant radiation therapy, and adjuvant chemotherapy, the patient’s median survival time is only 15 months (2). Thus, more effective treatment strategies are urgently needed to improve the prognosis of GBM patients.

In recent years, immunotherapy, which mainly depends on activating innate immune cells in the tumor microenvironment (TME), has been widely recognized as an effective treatment strategy for tumors. An emerging study demonstrated that innate immune cells change the TME and gradually weaken human immune surveillance with cytokines during tumor development (3). With antiprogrammed cell death protein-1 (PD-1)/programmed death ligand-1 (PD-L1) used as the first clinical immune checkpoint inhibitors (ICIs), many different types of immune checkpoint inhibitors have been gradually used for cancer treatment. According to reports, PD-1/PD-L1 inhibitors can induce long-term remission in some breast cancer subtype patients and induce long-term immune responses to tumors (4). PD-1/PD-L1 inhibitors can significantly improve overall and progression-free survival for previously treated patients with advanced nonsmall-cell lung cancer (NSCLC) (5). A preclinical trial demonstrated that the combination of a PD-1 inhibitor and radiotherapy significantly increased the survival time of mice compared to other single treatments for orthotopic brain tumors (6). In the subsequent phase III CheckMate 143 trial of nivolumab (NCT02017717), no significant improvement was observed in the median survival and 12-month survival rates of recurrent GBM treated with a PD-1 inhibitor compared with the vascular endothelial growth factor A (VEGF-A) inhibitor bevacizumab (7). Regarding the safety of ICIs, a study showed that combination therapy of ICIs (PD-1 inhibitor and cytotoxic T-lymphocyte-associated antigen-4 (CTLA4) inhibitor) caused serious side effects and lead to the termination of the trial (8). However, another clinical trial suggested that pembrolizumab (a PD-1 inhibitor) combined with radiotherapy and bevacizumab in patients with recurrent high-grade glioma showed better survival (9). Therefore, creating meaningful classifiers that can effectively evaluate ICI effectiveness for GBM patients and stratify patients to achieve precision medical care is a challenge.

The human genome is widely transcribed, but only approximately 2% of expressed transcripts can encode proteins, and the remaining transcripts longer than 200 t are defined as long noncoding RNAs (lncRNAs). Further studies of lncRNAs demonstrated the pathological process of some incurable diseases, especially the occurrence of cancer. Emerging studies have shown that lncRNAs are closely related to tumor immune activities. The lncRNA small nucleolar RNA host gene 1 (SNHG1) can affect the immune escape of breast cancer by regulating the differentiation of Treg cells (10). By stabilizing the PD-1 protein and degrading the GATA binding protein 3 (GATA3), the lncRNA GATA binding protein 3 antisense RNA 1 (GATA3-AS1) promotes the progression and immune evasion of triple-negative breast cancer (11). The expression of some immune-related lncRNAs (ir-lncRNAs) was found to be closely related to GBM. Immune-related lncRNA (DiGeorge syndrome critical region gene 5 (DGCR5) expression is downregulated in glioma, and high expression independently predicts better prognosis in glioma patients (12). A higher expression of lncRNA MIR155 Host Gene (MIR155HG) was associated with worse overall survival (OS) in GBM (13). Some previous studies reported that signatures established by ir-lncRNAs can effectively predict the prognosis and immunotherapeutic responses of different tumors, but no such study has been performed in GBM (14–17). Therefore, we first used ir-lncRNAs to construct an immune-related lncRNA signature (IRLncSig) as a classifier to predict the prognosis of GBM patients and stratify patients to obtain more effective individualized treatment.

In this study, the GBM patients were defined as immune-score-high (IH) and immune-score-low (IL) groups based on the immune score in The Cancer Genome Atlas (TCGA) GBM cohort. Based on the expression data, the differentially expressed ir-lncRNAs (DEir-lncRNAs) were screened to construct IRLncSig. The prognostic predictive value of the IRLncSig was then estimated among patients with GBM. The correlations between IRLncSig and immune cell infiltration, ICI biomarkers, and O6-methylguanine-DNA methyltransferase (MGMT) gene expression were also analyzed.



Methods


Data acquisition

Transcriptome profiling (RNA-seq, data type: counts) of GBM was obtained from TCGA (https://tcga-data.nci.nih.gov/tcga/). After checking the sample processing information, most samples that met the requirements were enrolled in the research. All included transcriptome profiles were annotated by gene transfer format (GTF) files (downloaded from Ensembl (http://asia.ensembl.org)) to distinguish messenger RNAs (mRNAs) and lncRNAs. Immune-related gene (ir-gene) profiles were obtained from the ImmPort database (http://www.immport.org). Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) profiles were downloaded from the ESTIMATE database (https://bioinformatics.mdanderson.org/estimate/). The independent GBM validation set GSE53733 (18) with transcriptome data and survival information was obtained from the Gene Expression Omnibus database (GEO). All enrolled samples’ clinical information was retrieved from the GBM project of TCGA. The obtained data were screened, and unnecessary information was deleted. All enrolled samples were ensured that there were no missing values in the clinical survival status and overall survival time.



Establishment and evaluation of an immune-related lncRNA signature

Coexpression analyses were used between ir-genes and transcriptome data to identify ir-lncRNAs (r > 0.6 and p-value <0.001). The median immune score from ESTIMATE profiles was used to divide all samples into IL and IH groups. The R package DESeq2 was used to identify the DEir-lncRNAs between the two groups. A log fold change (logFC) > 1.0 and false discovery rate (FDR) <0.05 were regarded as the cutoff values.

Univariate and multivariate Cox proportional hazard regression analyses were used to screen out ir-lncRNAs whose expression levels were significantly associated with patient overall survival. An IRLncSig was constructed by the coefficients from the multivariate regression analysis and the count of selected prognostic-related ir-lncRNA expression. The IRLncSig score of each sample was calculated by expression data. The median of the IRLncSig score was used to assign the GBM patients to a high-IRLncSig-score group and a low-IRLncSig-score group. The Kaplan–Meier analysis was used to evaluate the survival differences of patients in different groups, and the results were visualized. Next, the IRLncSig was further validated using another dataset from the GEO database (GSE53733). The survival outcome, IRLncSig score, and lncRNA expression patterns were also visualized by R tools (Version: 4.0.3). Univariate and multivariate Cox regression analyses between the IRLncSig score and clinical feature characteristics were then performed to evaluate whether IRLncSig can be used as an independent clinical prognostic predictor. A time-dependent receiver operating characteristic (ROC) curve was used to verify the clinical performance of IRLncSig. All R packages used in this process included survival, survivalROC, pheatmap, and survminer.



Biological function of IRLncSig

Marker-gene-based approaches (M) [MCP-counter (19) and xCell (20, 21)] and deconvolution-based approaches (D) [CIBERSORT (22, 23), CIBERSORT-ABS (24), EPIC (25), quanTIseq (26, 27), and TIMER (28, 29)] were used to perform immune infiltration analysis (30). CIBERSORT was used to conduct intrasample comparisons between cell types and others for intersample comparisons of the same cell type. First, the Spearman’s correlation analysis was used to analyze the potential relationship between the IRLncSig score and TME-infiltrated cells. The lollipop diagram was used to visualize the results. All p values were <0.05. All these procedures were performed by the R ggplot2 package. Next, the differences in immune cell scores between the low-IRLncSig-score and high-IRLncSig-score groups were calculated by Wilcoxon signed-rank analysis. The gpubr R package was used to perform this part.

To explore the correlation between immune checkpoint gene expression [including PD-1, CTLA4, hepatitis A virus cellular receptor 2 (HAVCR2), lymphocyte activation gene 3 protein (LAG3)] and IRLncSig, the Wilcoxon signed-rank test was used to evaluate the gene expression differences between the high-IRLncSig-score and low-IRLncSig-score groups. The same method was also used to explore the correlation between MGMT gene expression and IRLncSig. The ggstatsplot package was used to visualize the results.



Enrichment analysis

The hclust function was used to identify outlier samples by sample clustering for all samples. The soft threshold of the gene expression matrix of the remaining samples was extracted by weighted correlation network analysis (WGCNA) (31). A scale-free network was constructed to verify the soft threshold. The gene expression matrix was then converted into an adjacency matrix, where the soft threshold (power value) strengthened strong connections and impaired weak correlations between genes in the adjacency matrix. Next, the adjacency matrix was converted into a topological overlap matrix (TOM) to describe the correlation between genes and used the flashclust function to perform a preliminary clustering analysis of the module on the TOM. The DynamicTreeCut algorithm was applied to identify the gene modules with more than 30 genes and merge the modules with similarities greater than 0.75. An adjusted clinical informatic matrix was extracted, and the correlation coefficient between the merged gene modules and the clinical informatic matrix was calculated. Gene modules with the highest correlation coefficients with IRLncSig scores were identified and the genes extracted in the gene modules. The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed on the obtained genes to explore the biological functions of lncRNAs in IRLncSig. All of the above procedures were performed by the R packages WGCNA, ggplot2, and clusterProfiler.




Results


Identification of differentially expressed ir-lncRNAs

Figure 1 shows the process flow of the study. The transcriptome profiles of the GBM project were downloaded from TCGA database. By screening pathological information and clinical information for all samples, a total of 152 samples were included in the study. All of them were evenly divided into the IL group and IH group. Next, the GTF files were used to annotate the transcriptome data, and coexpression analyses were performed between ir-genes and lncRNAs. All 787 ir-lncRNAs were identified (Supplementary Table S1), and 46 ir-lncRNAs were recognized as DEir-lncRNAs by differential analysis (Supplementary Table S2). Supplementary Figure S1 depicts how ir-IncRNA influences gene transcription in GBM. The DEir-lncRNA expression data were visualized by a volcano plot (Supplementary Figure S2).




Figure 1 | Study flow chart.





The establishment and evaluation of IRLncSig

By univariate and multivariate Cox proportional hazard regression analyses between gene expression data and prognostic information, five ir-lncRNAs were finally screened out as prognostic-related ir-lncRNAs (Table 1; Supplementary Table S3). The five prognosis-related ir-lncRNAs were used to construct IRLncSig, and the median IRLncSig score (score: 0.975) was regarded as the cutoff to distinguish between the high-IRLncSig-score group and the low-IRLncSig-score group in the cohort. Seventy-six cases were classified into the high-IRLncSig-score group, and others were classified into the low-IRLncSig-score group. The Kaplan–Meier analysis showed that patients in the low-IRLncSig-score group exhibited a longer survival time than patients in the high-IRLncSig-score group (p < 0.001) (Figure 2A). The IRLncSig score and survival status of each patient are shown in Supplementary Figure S3A, which suggests that patients in the low-risk group always have better clinical outcomes than those in the high-risk group. Supplementary Figure S3B shows that all the enrolled lncRNAs in the signature were expressed much more in the high-IRLncSig-score group than in the low-IRLncSig-score group. The effectiveness of IRLncSig was then validated by a GEO dataset. The result showed that the IRLncSig scores of the long-term survival group (overall survival >36 months) were significantly lower than the short-term survival group (overall survival ≤36 months) (Figure 2B). Moreover, further analysis showed that IRLncSig score and age could be independent prognostic predictors for GBM patients (Figure 2C, univariate Cox regression analysis: age (p < 0.001, HR = 1.035, 95% CI [1.015–1.054]), IRLncSig score (p < 0.001, HR = 1.782, 95% CI [1.449–2.192]), multivariate Cox regression analysis: age (p < 0.05, HR = 1.025, 95% CI [1.005–1.045]), IRLncSig score (p < 0.001, HR = 1.641, 95% CI [1.321–2.038])). The area under the curve (AUC) of the time-dependent ROC curve analysis of the IRLncSig score was 0.696 (1 year), 0.766 (2 years), and 0.705 (3 years) (Figures 2D–F).


Table 1 | Multivariate Cox regression analyses of the five immune-related lncRNAs associated with overall survival in GBM.






Figure 2 | Construction and evaluation of the prognostic model. (A) The prognostic analysis of patients in the low-IRLncSig-score and high-IRLncSig-score groups by the Kaplan–Meier test of TCGA patients. (B) The Wilcoxon test of IRLncSig scores between the long-term survival group (overall survival >36 months) and short-term survival group (overall survival ≤36 months) of GEO patients. (C) The univariate and multivariate Cox regression prognostic analysis. (D) Time-dependent ROC curve analysis of IRLncSig and the other three features at 1 year. (E) Time-dependent ROC curve analysis of IRLncSig and the other three features at 2 years. (F) Time-dependent ROC curve analysis of IRLncSig and the other three features at 3 years. IRLncSig, immune-related lncRNA signature; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus database; time-dependent ROC, time-dependent receiver operating characteristic.





Estimation of tumor-infiltrating immune cells with the risk assessment model IRLncSig

LncRNAs are considered to be closely related to the tumor immune microenvironment (10, 11); thus, the correlation between IRLncSig and various infiltrating immune cells was explored in GBM. The results of Spearman’s correlation analysis demonstrated that the infiltration score of macrophages positively increased with IRLncSig scores by different algorithms, and the p-values of all the results were less than 0.05 (Supplementary Figure S4). Further Wilcoxon signed-rank analysis results showed that all subtypes of macrophages aggregated significantly more in samples with high IRLncSig scores. For other immune cells, significant differences in aggregation between the high-IRLncSig-score and low-IRLncSig-score groups were not always observed, including cancer-associated fibroblasts, monocytes, and T cells (Figures 3A–F).




Figure 3 | Estimation of the correlation between tumor-infiltrating cells and the risk assessment model. Wilcoxon signed-rank analysis to calculate the infiltration difference of immune cells between low- and high-IRLncSig-scores in different algorithms [(A) MCP-counter; (B) EPIC; (C) CIBERSORT-ABS; (D) xCELL; (E) TIMER; (F) quanTlseq]. IRLncSig, immune-related lncRNA signature.





Expression differences of ICI-related genes and the MGMT gene

ICIs have been widely used in the treatment of various cancers and have shown good clinical prognostic effects (4, 5). Some clinical trials are further verifying its therapeutic effects in glioblastoma (32). Thus, the correlation between the expression of ICI-related genes and the IRLncSig score was further detected. The results showed that the expression of ICI genes in the high-IRLncSig-score group was significantly higher than that in the low-IRLncSig-score group [CTLA4 (p < 0.001, Figure 4A), HAVCR2 (p < 0.05, Figure 4B), and PD1 (p < 0.001, Figure 4C)], but no such result was observed in LAG3 (p > 0.05, Figure 4D). It has been reported that the therapeutic effects of PD-1 inhibitors are related to the expression of the programmed cell death-ligand 1 (PD-L1) gene and the tumor mutation burden (TMB). The differences in the expression of the PD-L1 gene were analyzed in different IRLncSig score groups. The results demonstrated that the expression of PD-L1 in the high-IRLncSig-score group was significantly higher than that in the low-IRLncSig-score group (p < 0.05, Figure 4E), and the TMB level of all enrolled samples did not show significant differences in different groups (p >0.05, Figure 4F), and only a few were greater than 10/MB. Moreover, the expression of the MGMT gene in the high- and low-IRLncSig-score groups was analyzed. The results demonstrated that the high-IRLncSig-score group had higher expression of the MGMT gene than the low-IRLncSig-score group (p < 0.05, Figure 4H).




Figure 4 | The correlation between the ICI biomarkers, the MGMT gene, TMB, and the risk assessment model. The high-IRLncSig-score group had significantly higher expression of (A) CTLA4, (B) HAVCR2, and (C) PD-1 but not (D) LAG3. (E) PD-L1 expression was higher in the High-IRLncSig-score group than in the low-IRLncSig-score group. (F, G) TMB does not have significant differences between the two groups and is lower than 10/MB in most cases. (H) The low-IRLncSig-score group was associated with lower expression of the MGMT gene. ICI biomarkers, immune checkpoint inhibitor biomarkers; MGMT, O6-methylguanine-DNA methyltransferase; TMB, tumor mutation burden; IRLncSig, immune-related lncRNA signature; CTLA4, cytotoxic T-lymphocyte-associated antigen-4; HAVCR2, hepatitis A virus cellular receptor 2; PD-1, antiprogrammed cell death protein-1; LAG3, lymphocyte activation gene 3 protein; PD-L1, programmed death ligand-1.





Enrichment analysis

The hclust function was used to identify outlier samples through sample clustering and removed three outlier samples. All samples were used to develop a coexpression matrix and modules by the WGCNA algorithm. The coexpression matrix was converted into an adjacency matrix by a scale-free topology with R2 = 0.81. By calculation, all patients were divided into 20 different modules, each labeled with a special color. Modules with similarities greater than 0.75 were selected and merged. The two gene modules were merged, and the remaining gene modules were 18 (Figure 5A). Next, Pearson’s correlation analysis was used to explore the association of the remaining gene modules with the IRLncSig score and other clinical features. The gene module with the highest correlation coefficients was selected for further analysis (Figure 5B). Figure 5C shows that module membership in the selected module has a close correlation with the IRLncSig score. All genes included in the selected gene module were used to perform KEGG and GO enrichment analyses to show the biological effects of lncRNAs in IRLncSig. The results of the KEGG pathway analysis revealed that significantly enriched pathways were closely related to immune cells, including phagosome and Th17-cell differentiation (Figure 5D). GO analysis revealed that biological effects were significantly associated with immune processes, including immune receptor activity, MHC class II receptor activity, MHC class II protein complex binding, and IgG binding [molecular function (MF, Figure 5E), biological process (BP, Figure 5F), and cellular component (CC, Figure 5G)]. The results indicate that lncRNAs enrolled in IRLncSig are involved in the immunological process of the TME.




Figure 5 | Identification of modules associated with the IRLncSig score and play enrichment analysis of ir-lncRNAs enrolled in IRLncSig. (A) The dendrogram of all genes is clustered based on the WGCNA algorithm. The color shows different clustering modules. (B) Heatmap of the correlation between the module eigengenes and clinical and molecular traits of GBM. (C) Correlation analysis of module membership in the selected module and IRLncSig score. (D) KEGG enrichment analysis is based on the genes in the selected module. (E–G) GO enrichment analysis is based on the genes in the selected module (molecular function (MF, Figure 6E), biological process (BP, Figure 6F), and cellular component (CC, Figure 6G)). IRLncSig, immune-related lncRNA signature; ir-lncRNAs, immune-related long noncoding RNAs; GBM, glioblastoma multiforme; KEGG, Kyoto Encyclopedia of Genes and Genomes, GO, Gene Ontology.






Discussion

Glioblastoma is one of the deadliest malignant tumors in humans. In the last few decades, many studies have been devoted to the treatment of GBM, but the effect is limited. The alteration of immune cells in the tumor immune microenvironment is widely recognized as one of the typical properties of tumors and has been gradually confirmed in the study of various tumors (33). Emerging studies have shown that lncRNAs play an important role in the development of the GBM TME and can partly predict the prognosis of patients (12, 13). Thus, we first attempted to construct IRLncSig by ir-lncRNAs to predict the prognosis of GBM patients and the effectiveness of ICI treatment by stratifying patients.

In this article, coexpression analyses of immune-related genes and lncRNAs were performed to select ir-lncRNAs. To efficiently select the ir-lncRNAs that have a close association with patient prognosis, the ESTIMATE algorithm was used to obtain immune scores of samples and divide them into two groups with the median. This method can help us identify ir-lncRNAs that play a dominant role in regulating the infiltration of immune cells in the TME. These DEir-lncRNAs screened by differential expression analysis in different groups were used to calculate regression analysis to obtain ir-lncRNAs related to prognosis, which was used to establish the prognostic signature. After evaluation, the results demonstrated that the prognostic model can be used as an independent prognostic risk assessment factor. Through the time-dependent ROC curve, the result further proved that the model has a certain predictive value for prognosis.

Tumor-associated macrophages (TAMs) account for 30%–40% of GBM immune infiltrating cells (34, 35) and have been shown to engage in reciprocal interactions with tumor cells to promote tumor growth and progression (36–39). Wei et al. indicated that osteopontin (OPN) is a potent chemokine for macrophages, and its blockade significantly increased the median survival time of mice by 68% (p < 0.05), which could be a potential therapeutic target (40). The results of the study demonstrate that TAMs are positively correlated with the increase of IRLncSig score and with statistical significance in different algorithms. When conducting intrasample comparisons between cell types, the aggregation of TAMs in the high-IRLncSig-score group was significantly higher than that in the low-IRLncSig-score group. The results of intersample comparisons of the different cell types showed that the infiltration of TAMs in most samples was significantly higher than that of other infiltrating immune cells (Supplementary Figure S5). As described above, in the high-IRLncSig-score group, the higher aggregation of TAMs may accelerate tumor progression and lead to a poor prognosis for GBM patients. IRLncSig can effectively distinguish the level of TAM infiltration in the TME of GBM, which means that IRLncSig may have potential clinical value in the anti-TAM treatment of GBM.

ICIs show good performance in the treatment of several tumors (41–43). In the analysis of ICI gene expression in different risk groups, the results demonstrated that the expression of most immune checkpoints (CTLA4, HAVCR2, PD-1) in the high-IRLncSig-score group was significantly higher than that in the other groups, except LAG3. Previous literature has shown that PD-1 (44) and CTLA-4 (45) exert immunosuppressive effects by weakening the immune function of T cells, and HAVCR2 suppresses IFN-g-producing T cells’, FoxP3+ Treg cells’, and innate immune cells’ (macrophages and dendritic cells) immune reactions (46). These results are consistent with the poor prognosis of patients in the high-IRLncSig-score group. Some studies have indicated that the expression of PD-L1 within the tumor microenvironment has predictive value for the response to PD-1 inhibitors in melanoma (47–49), NSCLC (50, 51), and bladder cancer (52). In the research, the expression of PD-L1 in the high-IRLncSig-score group was significantly higher than that in the low-IRLncSig-score group, which seems to indicate that the use of anti-PD-1 drugs in the high-IRLncSig-score group may achieve better efficacy. However, most existing clinical trials have shown that the therapeutic effect of PD-1 on GBM is frustrating (7, 8, 33). Further analysis indicated that the TMB [an independent predictor of PD-1 inhibitor (53)] of most included samples <10 mutations/megabase did not differ significantly between groups. Previous study indicated that the TMB for all solid tumors equal to or greater than 10 mutations/megabase may benefit from PD-1 inhibitors (54). This seems to partly explain why the performance of PD-1/PD-L1 inhibitors is poor in clinical trials of GBM. The IRLncSig may stratify patients to obtain more effective personalized ICI treatment.

Temozolomide (TMZ) is the most widely used alkylating agent in glioblastoma and is cytotoxic to cells by inducing DNA damage (55). Several studies have found that temozolomide can improve the prognosis of both primary and recurrent MGMT-methylated GBM but not the effect of unmethylated GBM (56–61). An emerging study indicates that TMZ for patients with unmethylated MGMT promoters likely has a real but marginal benefit (62). Therefore, a standard evaluation of MGMT gene expression is essential for patients with unmethylated MGMT promoters. To further expand the clinical value of IRLncSig, MGMT gene expression at different risk levels was also analyzed. The results showed that MGMT gene expression in the high-IRLncSig-score group was significantly higher than that in the other groups. This result suggests that TMZ may obtain better effectiveness in the low-IRLncSig-score group than in the high-IRLncSig-score group.

In this article, the IRLncSig constructed by five ir-lncRNAs showed a good performance in stratifying GBM patients, which may contribute to the personalized treatment of GBM patients in the future. At the same time, emerging articles have shown the potential of lncRNAs in the diagnosis and treatment of some kinds of cancers, including lung cancer, gastric cancer, colon cancer, and so on (63–66), thus the IRLncSig may contribute to developing new drugs or diagnostic tests for GBM patients hopefully.

With the improvement of technologies based on the CRISPR-Cas system, complex genetic manipulations in human cells have been made possible to treat incurable diseases (67). Meanwhile, the emergence of new drug delivery systems (including nanoparticles, Gliadel wafers, cellular carriers, etc.) further enabled the delivery of gene editing tools into the brain through the blood–brain barrier (68). Based on the personalized treatment targets found by this study, the CRISPR-Cas technology may be applied to influence gene transcription and hopefully improve the prognosis of GBM patients in the future.

Regarding the biological functions of the five lncRNAs included in IRLncSig, the IRLncSig score was used as an independent phenotype to perform correlation analysis with gene modules obtained by scale-free clustering and DynamicTreeCut algorithms to obtain the most associated gene module. The enrichment analysis of the selected gene module showed that the main biological functions were immune receptor activity, MHC class II receptor activity, MHC class II protein complex binding, and IgG binding, which verified that the five included lncRNAs are related to tumor immunity.

In this article, the IRLncSig constructed by five prognosis-related ir-lncRNAs was carefully evaluated and verified for its correlation with prognostic outcomes to ensure its clinical predictive value. At the same time, the association between IRLncSig and immune cell infiltration, ICI biomarkers, and MGMT gene expression was also analyzed. Thus, we assumed that the novel IRLncSig shows a promising clinical value in predicting the prognosis and immune landscape of GBM.

The study also has some limits. The current literature has limited reports on the ir-lncRNAs involved in constructing the IRLncSig in the research. Because the methodology applied in this study is mainly mathematical means and not molecular biological experiments, the detailed biological functions of these involved ir-lncRNAs are still not well known, so it is necessary to carry out further experimental research on this prognosis-related ir-lncRNAs in the future.



Conclusion

The IRLncSig established by ir-lncRNA has a significant relationship with immune cell infiltration, ICI biomarkers, and MGMT gene expression, which shows a promising clinical value in predicting the prognosis and immune landscape of GBM.



Data availability statement

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



Author contributions

Data extraction and data analysis: DS, WZ, DL, SH, YY, HY, YX, and HX. Original draft: DS, WZ, YZ, LA, and HY. Article review and editing: DS, WZ, XS, JZ, and HX. All authors contributed to the article and approved the submitted version.



Funding

The research was funded by Chongqing Natural Science Foundation (Application number: 2022NSCQ-MSX0963).



Conflict of interest

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



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.932938/full#supplementary-material



References

1. Ostrom, QT, Gittleman, H, Fulop, J, Liu, M, Blanda, R, Kromer, C, et al. CBTRUS statistical report: Primary brain and central nervous system tumors diagnosed in the united states in 2008-2012. Neuro Oncol (2015) 17 Suppl 4:iv1–iv62. doi: 10.1093/neuonc/nov189

2. Stupp, R, Hegi, ME, Mason, WP, van den Bent, MJ, Taphoorn, MJ, Janzer, RC, et al. Effects of radiotherapy with concomitant and adjuvant temozolomide versus radiotherapy alone on survival in glioblastoma in a randomised phase III study: 5-year analysis of the EORTC-NCIC trial. Lancet Oncol (2009) 10(5):459–66. doi: 10.1016/S1470-2045(09)70025-7

3. Hinshaw, DC, and Shevde, LA. The tumor microenvironment innately modulates cancer progression. Cancer Res (2019) 79(18):4557–66. doi: 10.1158/0008-5472.CAN-18-3962

4. Polk, A, Svane, IM, Andersson, M, and Nielsen, D. Checkpoint inhibitors in breast cancer - current status. Cancer Treat Rev (2018) 63:122–34. doi: 10.1016/j.ctrv.2017.12.008

5. Sheng, Z, Zhu, X, Sun, Y, and Zhang, Y. The efficacy of anti-PD-1/PD-L1 therapy and its comparison with EGFR-TKIs for advanced non-small-cell lung cancer. Oncotarget (2017) 8(34):57826–35. doi: 10.18632/oncotarget.18406

6. Zeng, J, See, AP, Phallen, J, Jackson, CM, Belcaid, Z, Ruzevick, J, et al. Anti-PD-1 blockade and stereotactic radiation produce long-term survival in mice with intracranial gliomas. Int J Radiat Oncol Biol Phys (2013) 86(2):343–9. doi: 10.1016/j.ijrobp.2012.12.025

7. Reardon, DA, Brandes, AA, Omuro, A, Mulholland, P, Lim, M, Wick, A, et al. Effect of nivolumab vs bevacizumab in patients with recurrent glioblastoma: The CheckMate 143 phase 3 randomized clinical trial. JAMA Oncol (2020) 6(7):1003–10. doi: 10.1001/jamaoncol.2020.1024

8. Omuro, A, Vlahovic, G, Lim, M, Sahebjam, S, Baehring, J, Cloughesy, T, et al. Nivolumab with or without ipilimumab in patients with recurrent glioblastoma: results from exploratory phase I cohorts of CheckMate 143. Neuro Oncol (2018) 20(5):674–86. doi: 10.1093/neuonc/nox208

9. Sahebjam, S, Forsyth, PA, Tran, ND, Arrington, JA, Macaulay, R, Etame, AB, et al. Hypofractionated stereotactic re-irradiation with pembrolizumab and bevacizumab in patients with recurrent high-grade gliomas: results from a phase I study. Neuro Oncol (2021) 23(4):677–86. doi: 10.1093/neuonc/noaa260

10. Pei, X, Wang, X, and Li, H. LncRNA SNHG1 regulates the differentiation of treg cells and affects the immune escape of breast cancer via regulating miR-448/IDO. Int J Biol Macromol (2018) 118(Pt A):24–30. doi: 10.1016/j.ijbiomac.2018.06.033

11. Zhang, M, Wang, N, Song, P, Fu, Y, Ren, Y, Li, Z, et al. LncRNA GATA3-AS1 facilitates tumour progression and immune escape in triple-negative breast cancer through destabilization of GATA3 but stabilization of PD-L1. Cell Prolif (2020) 53(9):e12855. doi: 10.1111/cpr.12855

12. Wu, X, Hou, P, Qiu, Y, Wang, Q, and Lu, X. Large-Scale analysis reveals the specific clinical and immune features of DGCR5 in glioma. Onco Targets Ther (2020) 13:7531–43. doi: 10.2147/OTT.S257050

13. Peng, L, Chen, Z, Chen, Y, Wang, X, and Tang, N. MIR155HG is a prognostic biomarker and associated with immune infiltration and immune checkpoint molecules expression in multiple cancers. Cancer Med (2019) 8(17):7161–73. doi: 10.1002/cam4.2583

14. Ding, Z, Li, R, Han, J, Sun, D, Shen, L, and Wu, G. Identification of an immune-related LncRNA signature in gastric cancer to predict survival and response to immune checkpoint inhibitors. Front Cell Dev Biol (2021) 9:739583. doi: 10.3389/fcell.2021.739583

15. Jiang, W, Zhu, D, Wang, C, and Zhu, Y. An immune relevant signature for predicting prognoses and immunotherapeutic responses in patients with muscle-invasive bladder cancer (MIBC). Cancer Med (2020) 9(8):2774–90. doi: 10.1002/cam4.2942

16. Wang, X, Cao, K, Guo, E, Mao, X, Guo, L, Zhang, C, et al. Identification of immune-related LncRNA pairs for predicting prognosis and immunotherapeutic response in head and neck squamous cell carcinoma. Front Immunol (2021) 12:658631. doi: 10.3389/fimmu.2021.658631

17. Wu, Y, Zhang, L, He, S, Guan, B, He, A, Yang, K, et al. Identification of immune-related LncRNA for predicting prognosis and immunotherapeutic response in bladder cancer. Aging (Albany NY) (2020) 12(22):23306–25. doi: 10.18632/aging.104115

18. Reifenberger, G, Weber, RG, Riehmer, V, Kaulich, K, Willscher, E, Wirth, H, et al. Molecular characterization of long-term survivors of glioblastoma using genome- and transcriptome-wide profiling. Int J Cancer (2014) 135(8):1822–31. doi: 10.1002/ijc.28836

19. Dienstmann, R, Villacampa, G, Sveen, A, Mason, MJ, Niedzwiecki, D, Nesbakken, A, et al. Relative contribution of clinicopathological variables, genomic markers, transcriptomic subtyping and microenvironment features for outcome prediction in stage II/III colorectal cancer. Ann Oncol (2019) 30(10):1622–9. doi: 10.1093/annonc/mdz287

20. Aran, D, Hu, Z, and Butte, AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol (2017) 18(1):220. doi: 10.1186/s13059-017-1349-1

21. Aran, D. Cell-type enrichment analysis of bulk transcriptomes using xCell. Methods Mol Biol (2020) 2120:263–76. doi: 10.1007/978-1-0716-0327-7_19

22. Chen, B, Khodadoust, MS, Liu, CL, Newman, AM, and Alizadeh, AA. Profiling tumor infiltrating immune cells with CIBERSORT. Methods Mol Biol (2018) 1711:243–59. doi: 10.1007/978-1-4939-7493-1_12

23. Zhang, H, Li, R, Cao, Y, Gu, Y, Lin, C, Liu, X, et al. Poor clinical outcomes and immunoevasive contexture in intratumoral IL-10-Producing macrophages enriched gastric cancer patients. Ann Surg (2020) 626-635:275. doi: 10.1097/SLA.0000000000004037

24. Tamminga, M, Hiltermann, TJN, Schuuring, E, Timens, W, Fehrmann, RS, and Groen, HJ. Immune microenvironment composition in non-small cell lung cancer and its association with survival. Clin Transl Immunol (2020) 9(6):e1142. doi: 10.1002/cti2.1142

25. Racle, J, de Jonge, K, Baumgaertner, P, Speiser, DE, and Gfeller, D. Simultaneous enumeration of cancer and immune cell types from bulk tumor gene expression data. Elife (2017) 6. doi: 10.7554/eLife.26476

26. Finotello, F, Mayer, C, Plattner, C, Laschober, G, Rieder, D, Hackl, H, et al. Pharmacological modulators of the tumor immune contexture revealed by deconvolution of RNA-seq data. Genome Med (2019) 11(1)34. doi: 10.1186/s13073-019-0638-6

27. Plattner, C, Finotello, F, and Rieder, D. Deconvoluting tumor-infiltrating immune cells from RNA-seq data using quanTIseq. Methods Enzymol (2020) 636:261–85. doi: 10.1016/bs.mie.2019.05.056

28. Li, T, Fan, J, Wang, B, Traugh, N, Chen, Q, Liu, JS, et al. TIMER: A web server for comprehensive analysis of tumor-infiltrating immune cells. Cancer Res (2017) 77(21):e108–e10. doi: 10.1158/0008-5472.CAN-17-0307

29. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res (2020) 48(W1):W509–W14. doi: 10.1093/nar/gkaa407

30. Sturm, G, Finotello, F, Petitprez, F, Zhang, JD, Baumbach, J, Fridman, WH, et al. Comprehensive evaluation of transcriptome-based cell-type quantification methods for immuno-oncology. Bioinformatics (2019) 35(14):i436–i45. doi: 10.1093/bioinformatics/btz363

31. Langfelder, P, and Horvath, S. WGCNA: an r package for weighted correlation network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

32. Filley, AC, Henriquez, M, and Dey, M. Recurrent glioma clinical trial, CheckMate-143: the game is not over yet. Oncotarget (2017) 8(53):91779–94. doi: 10.18632/oncotarget.21586

33. Hanahan, D, and Weinberg, RA. Hallmarks of cancer: the next generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

34. Charles, NA, Holland, EC, Gilbertson, R, Glass, R, and Kettenmann, H. The brain tumor microenvironment. Glia (2012) 60(3):502–14. doi: 10.1002/glia.21264

35. Engler, JR, Robinson, AE, Smirnov, I, Hodgson, JG, Berger, MS, Gupta, N, et al. Increased microglia/macrophage gene expression in a subset of adult and pediatric astrocytomas. PloS One (2012) 7(8):e43339. doi: 10.1371/journal.pone.0043339

36. Feng, X, Szulzewsky, F, Yerevanian, A, Chen, Z, Heinzmann, D, Rasmussen, RD, et al. Loss of CX3CR1 increases accumulation of inflammatory monocytes and promotes gliomagenesis. Oncotarget (2015) 6(17):15077–94. doi: 10.18632/oncotarget.3730

37. Hu, F, Dzaye, O, Hahn, A, Yu, Y, Scavetta, RJ, Dittmar, G, et al. Glioma-derived versican promotes tumor expansion via glioma-associated microglial/macrophages toll-like receptor 2 signaling. Neuro Oncol (2015) 17(2):200–10. doi: 10.1093/neuonc/nou324

38. Morantz, RA, Wood, GW, Foster, M, Clark, M, and Gollahon, K. Macrophages in experimental and human brain tumors. part 2: Studies of the macrophage content of human brain tumors. J Neurosurg (1979) 50(3):305–11. doi: 10.3171/jns.1979.50.3.0305

39. Rossi, ML, Hughes, JT, Esiri, MM, Coakham, HB, and Brownell, DB. Immunohistological study of mononuclear cell infiltrate in malignant gliomas. Acta Neuropathol (1987) 74(3):269–77. doi: 10.1007/BF00688191

40. Wei, J, Marisetty, A, Schrand, B, Gabrusiewicz, K, Hashimoto, Y, Ott, M, et al. Osteopontin mediates glioblastoma-associated macrophage infiltration and is a potential therapeutic target. J Clin Invest (2019) 129(1):137–49. doi: 10.1172/JCI121266

41. Duma, N, Santana-Davila, R, and Molina, JR. Non-small cell lung cancer: Epidemiology, screening, diagnosis, and treatment. Mayo Clin Proc (2019) 94(8):1623–40. doi: 10.1016/j.mayocp.2019.01.013

42. Iams, WT, Porter, J, and Horn, L. Immunotherapeutic approaches for small-cell lung cancer. Nat Rev Clin Oncol (2020) 17(5):300–12. doi: 10.1038/s41571-019-0316-z

43. Rotte, A. Combination of CTLA-4 and PD-1 blockers for treatment of cancer. J Exp Clin Cancer Res (2019) 38(1):255. doi: 10.1186/s13046-019-1259-z

44. Alsaab, HO, Sau, S, Alzhrani, R, Tatiparti, K, Bhise, K, Kashaw, SK, et al. PD-1 and PD-L1 checkpoint signaling inhibition for cancer immunotherapy: Mechanism, combinations, and clinical outcome. Front Pharmacol (2017) 8:561. doi: 10.3389/fphar.2017.00561

45. Mitsuiki, N, Schwab, C, and Grimbacher, B. What did we learn from CTLA-4 insufficiency on the human immune system? Immunol Rev (2019) 287(1):33–49. doi: 10.1111/imr.12721

46. Das, M, Zhu, C, and Kuchroo, VK. Tim-3 and its role in regulating anti-tumor immunity. Immunol Rev (2017) 276(1):97–111. doi: 10.1111/imr.12520

47. Robert, C, Long, GV, Brady, B, Dutriaux, C, Maio, M, Mortier, L, et al. Nivolumab in previously untreated melanoma without BRAF mutation. N Engl J Med (2015) 372(4):320–30. doi: 10.1056/NEJMoa1412082

48. Weber, J, Mandala, M, Del Vecchio, M, Gogas, HJ, Arance, AM, Cowey, CL, et al. Adjuvant nivolumab versus ipilimumab in resected stage III or IV melanoma. N Engl J Med (2017) 377(19):1824–35. doi: 10.1056/NEJMoa1709030

49. Weber, JS, D'Angelo, SP, Minor, D, Hodi, FS, Gutzmer, R, Neyns, B, et al. Nivolumab versus chemotherapy in patients with advanced melanoma who progressed after anti-CTLA-4 treatment (CheckMate 037): a randomised, controlled, open-label, phase 3 trial. Lancet Oncol (2015) 16(4):375–84. doi: 10.1016/S1470-2045(15)70076-8

50. Borghaei, H, Paz-Ares, L, Horn, L, Spigel, DR, Steins, M, Ready, NE, et al. Nivolumab versus docetaxel in advanced nonsquamous non-Small-Cell lung cancer. N Engl J Med (2015) 373(17):1627–39. doi: 10.1056/NEJMoa1507643

51. Fehrenbacher, L, Spira, A, Ballinger, M, Kowanetz, M, Vansteenkiste, J, Mazieres, J, et al. Atezolizumab versus docetaxel for patients with previously treated non-small-cell lung cancer (POPLAR): a multicentre, open-label, phase 2 randomised controlled trial. Lancet (2016) 387(10030):1837–46. doi: 10.1016/S0140-6736(16)00587-0

52. Zhao, J, Chen, AX, Gartrell, RD, Silverman, AM, Aparicio, L, Chu, T, et al. Immune and genomic correlates of response to anti-PD-1 immunotherapy in glioblastoma. Nat Med (2019) 25(3):462–9. doi: 10.1038/s41591-019-0349-y

53. Cristescu, R, Mogg, R, Ayers, M, Albright, A, Murphy, E, Yearley, J, et al. Pan-tumor genomic biomarkers for PD-1 checkpoint blockade-based immunotherapy. Science (2018) 362(6411). doi: 10.1126/science.aar3593

54. Strickler, JH, Hanks, BA, and Khasraw, M. Tumor mutational burden as a predictor of immunotherapy response: Is more always better? Clin Cancer Res (2021) 27(5):1236–41. doi: 10.1158/1078-0432.CCR-20-3054

55. Taylor, JW, and Schiff, D. Treatment considerations for MGMT-unmethylated glioblastoma. Curr Neurol Neurosci Rep (2015) 15(1):507. doi: 10.1007/s11910-014-0507-z

56. Hegi, ME, Diserens, AC, Godard, S, Dietrich, PY, Regli, L, Ostermann, S, et al. Clinical trial substantiates the predictive value of O-6-methylguanine-DNA methyltransferase promoter methylation in glioblastoma patients treated with temozolomide. Clin Cancer Res (2004) 10(6):1871–4. doi: 10.1158/1078-0432.ccr-03-0384

57. Hegi, ME, Diserens, AC, Gorlia, T, Hamou, MF, de Tribolet, N, Weller, M, et al. MGMT gene silencing and benefit from temozolomide in glioblastoma. N Engl J Med (2005) 352(10):997–1003. doi: 10.1056/NEJMoa043331

58. Newlands, ES, Stevens, MF, Wedge, SR, Wheelhouse, RT, and Brock, C. Temozolomide: A review of its discovery, chemical properties, pre-clinical development and clinical trials. Cancer Treat Rev (1997) 23(1):35–61. doi: 10.1016/s0305-7372(97)90019-0

59. Esteller, M, Garcia-Foncillas, J, Andion, E, Goodman, SN, Hidalgo, OF, Vanaclocha, V, et al. Inactivation of the DNA-repair gene MGMT and the clinical response of gliomas to alkylating agents. N Engl J Med (2000) 343(19):1350–4. doi: 10.1056/NEJM200011093431901

60. Stupp, R, Mason, WP, van den Bent, MJ, Weller, M, Fisher, B, Taphoorn, MJ, et al. Radiotherapy plus concomitant and adjuvant temozolomide for glioblastoma. N Engl J Med (2005) 352(10):987–96. doi: 10.1056/NEJMoa043330

61. Yung, WK, Albright, RE, Olson, J, Fredericks, R, Fink, K, Prados, MD, et al. A phase II study of temozolomide vs. procarbazine in patients with glioblastoma multiforme at first relapse. Br J Cancer (2000) 83(5):588–93. doi: 10.1054/bjoc.2000.1316

62. Alexander, BM, and Cloughesy, TF. Adult glioblastoma. J Clin Oncol (2017) 35(21):2402–9. doi: 10.1200/JCO.2017.73.0119

63. Goyal, B, Yadav, SRM, Awasthee, N, Gupta, S, Kunnumakkara, AB, and Gupta, SC. Diagnostic, prognostic, and therapeutic significance of long non-coding RNA MALAT1 in cancer. Biochim Biophys Acta Rev Cancer (2021) 1875(2):188502. doi: 10.1016/j.bbcan.2021.188502

64. Jin, T. LncRNA DRAIR is a novel prognostic and diagnostic biomarker for gastric cancer. Mamm Genome (2021) 32(6):503–7. doi: 10.1007/s00335-021-09911-2

65. Okugawa, Y, Grady, WM, and Goel, A. Epigenetic alterations in colorectal cancer: Emerging biomarkers. Gastroenterology (2015) 149(5):1204–25.e12. doi: 10.1053/j.gastro.2015.07.011

66. Song, J, Sun, Y, Cao, H, Liu, Z, Xi, L, Dong, C, et al. A novel pyroptosis-related lncRNA signature for prognostic prediction in patients with lung adenocarcinoma. Bioengineered (2021) 12(1):5932–49. doi: 10.1080/21655979.2021.1972078

67. Fellmann, C, Gowen, BG, Lin, PC, Doudna, JA, and Corn, JE. Cornerstones of CRISPR-cas in drug discovery and therapy. Nat Rev Drug Discovery (2017) 16(2):89–100. doi: 10.1038/nrd.2016.238

68. Behl, T, Sharma, A, Sharma, L, Sehgal, A, Singh, S, Sharma, N, et al. Current perspective on the natural compounds and drug delivery techniques in glioblastoma multiforme. Cancers (Basel) (2021) 13(11). doi: 10.3390/cancers13112765



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

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


OEBPS/Images/fimmu-13-932938-g002.jpg
A

IRLncSig Score

1.00

0.75

0.50

0.25

Survival probability

0.00

= High = Low

p=5.377¢-04

0.25

0.20

0.15

IRLncSig Score

0.10

0.05

Overall Surival

2
Time(years)

p=004 N
o 7
F
]
- 'IT =
T T
<3years >3years

Uni-Cox

P-value Hazard ratio

Gender  0.682
Recurence 0.633
Age <0.001

IRLNcSig <0.001
Score

True positive rate

0.2

— IRLncSig Score (AUC=0.766)
—_ Gender?AUC=0 442g
— Recurence BAUC= 06)
— Age (AUC=0.618)
T T T T T T
0.0 0.2 04 0.6 08 1.0

False positive rate

0.920(0.617-1.372)

0.863(0.472-1.579)

1.035(1.015-1.054)

1.782(1.449-2.192)

0.0 05 1.0 15 20
Hazard ratio

1.0

0.8

0.6

True positive rate
04

0.2

0.0

1.0

0.4 0.6 0.8

True positive rate

0.2

0.0

Mul-Cox
P-value Hazard ratio

i 0610 0.897(0.592-1.361) -
—_— 0.421 0.772(0.411-1.451) ———

:- 0.014  1.025(1.005-1.045) b

1.641(1321-2.038) — 4

0.0 05 1.0 1.5 20
Hazard ratio

—=—r <0.001

— IRLncSig Score (AUC=0.696)
~— Gender (AUC=! 0481‘2

~ Recurence &AUC 0.477)

— Age (AUC=

T T T T T
04 0.6 08 1.0

False positive rate

IRLNcSig Score (AUC =0.705)
Gender (AUC=0. 2
Recurence 8AUC 0.495)
Age (AUC=(

T T T T T
04 06 08 1.0

False positive rate





OEBPS/Images/fimmu-13-932938-g005.jpg
0.8

Height
0.6
|

0.4

Dynamic Tree Cut

Merged Dynamics

Module-trait relationships
Green

Lightcyan
Greenyellow

Black
Turquoise

Grey60

Tan

Lightgreen

Yellow

Salmon

Cyan

Midnightblue:

Blue
Purple

Lightyellow

Magenta
Red

Grey

immune receptor activity
MHC class Il receptor activity
cytokine binding

Tol-like receptor binding

MHC class Il protein complex binding
19G binding

peptide antigen binding

amide binding

immunoglobulin binding

MHC protein complex binding

Counts of gene 0 5

pvalue

10-06

2e-08

3008

Gene

\

Dendrogram and module

N

Module membership vs RLncSig score
w
S cor=0.55, p=9e-30 °
o
~ o 0 o
\ =} o ) o o®
2 Dg ’ :f 8 %o0y0°
BRI
231 X SN
0 3 0 o8 °q% O@ugoy%ﬂ;
e 0 0q 0 R0 9
p o o o
T o 0 & %0 WS 0,
o o 0g g0 %0 o800 % S o
0 o o o%® 208 @80 o o
6% "B 50,8 @ go °
0 0o g 0o’0 8% §88°
\— i 9% © % o
B 5% o
% "o Buen
3 o o
5 \oW o &0 o
o\ %o ° 0 %
o T T T T
-1 0.2 04 0.6 0.8

Module Membership in green module

F

neutrophil degranulation

neutrophil activation involved
inimmune response.

antigen processing and _|

presentation

antigen processing and presentation
4

of peptide antigen
leukocyte cell-cell adhesion
T cell activation

antigen processing and presentation
of peptide antigen via MHC ciass Il

phagocytosis

antigen processing and presentation
of peptide or polysaccharide antigen
via MHC class Il

response to interferon-gamma

Counts of gene o

Enriched GO BP

20 40 60

colors

P

Leishmaniasis

Staphylococcus.
aureus infection

Phagosome

Tuberculosis

Lysosome

Rheumatoid
arthritis

Osteoclast
differentiation

Enriched KEGG pathways

Th17 cell
differentiation

Inflammatory
bowel disease

Asthma

o

G

secretory granle
lumen

cytoplasmic vesicle
lumen

vesicle lumen

vacuolar lumen

MHC class Il
protein complex

primary lysosome
azurophil granule
MHC protein complex

endocytic vesidle
membrane

endocytic vesicle

Counts of gene 0

=)

20
Counts of gene

Enriched GO CC

pvalue

2.185053
o-23

5775202
15

1.155058e-14

I
o

10

N
S}
@
S





OEBPS/Images/fimmu-13-932938-g004.jpg
Low

IRLncSig High

Score

< w ¥ ° n
s =
o
] - 1]
a L2 ° a
=
2
[0}
o o
s - o -~ S5 P = o —
((1+WdL)zBopuoissaidx3 €ov1  Z @3 ((L+Nd 1)zBoj)uoissaidx3 LINDIN
[a] x
g
m a-.u - =
=}
o
=
n .mu
[<% - £
2
B o
a5 - =5 = 58 - o~ - = -+
o (01601 an/anL
o (4]
2 RSt 7 T
) 3 < -0 e ﬁ AT
S <
o o
n n
% 5 e Rt -
. T = r..umﬁwn = 2
o
7] . .
© - o~ = g 2 = < . =
((1+Ind1)zBopuoissaidx3 ZHOAVH & ¢ N/anL
m w
3
3 R
o =
L . 5 a
z T =%
=2
[}
o o
o - o - S5 o e . -
. ((1+WdL)zBopuoissaudxg vy 11D X & ” ((L+NdL)zBo)uoissaudx3 L 1-ad

Low

IRLncSig High

Score

Low

IRLNcSig High

Score





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Computational identification of immune-related lncRNA signature for predicting the prognosis and immune landscape of human glioblastoma multiforme

      

        		

          Introduction

        



        		

          Methods

        

          		

            Data acquisition

          



          		

            Establishment and evaluation of an immune-related lncRNA signature

          



          		

            Biological function of IRLncSig

          



          		

            Enrichment analysis

          



        



        



        		

          Results

        

          		

            Identification of differentially expressed ir-lncRNAs

          



          		

            The establishment and evaluation of IRLncSig

          



          		

            Estimation of tumor-infiltrating immune cells with the risk assessment model IRLncSig

          



          		

            Expression differences of ICI-related genes and the MGMT gene

          



          		

            Enrichment analysis

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu.2022.932938_cover.jpg
’ frontiers | Frontiersin Immunology

Computational identification of
immune-related INCRNA
signature for predicting the
prognosis and immune
landscape of human
glioblastoma multiforme





OEBPS/Images/fimmu-13-932938-g001.jpg
Identification
of
ir-incRNAs

Identification
of
DEir-IncRNAs

Construction |

and
verification of
IRLncSig

Clinical value
and biological
function of
IRLncSig

IncRNA expression profile of GBM ir-RNA expression profile of GBM

IncRNA1 |r-RNA1

IncRNA3

IncRNAn

R>O.6,P<O:.OO1 R>0.6,P<0.001

IncRNA1 expression
IncRNA2 expression
InNcRNA2 expression

ir-RNA1 expression IFRUSAL GEpEsslor

ESTIMATE

immune ir-IncRNA1

sample SLOle !r-lncRNAZ

ir-IncRNA3

SEIEEE ir-IncRNA4
sample3 °

i

samplen ir-lncRNAn

DEir-IncRNA1 mL Clinical information
DEir-IncRNA2 mH 0S
DEir-IncRNA3 p-value sample1

sample2

DEir-IncRNAn

sample3
o o o

samplen

: - Univariate and
The expression construction Normalized

profiles of Univariate [of IRLNcSig GEO dataset L Calculate AUC

I f
DEir-IncRNAs + | and :/r;}?atﬁsr (e value of 1-year,
l l 2-year and

The survival multivariate IRLncSiq i
information of | analysis ind;pcer:?j;sntan 3-year ROC

GBM patients Kaplan-Meier Validate the prognostic
analysis IRLncSig factor or not ?

Expression differences of ICls-related
genes and MGMT gene.

Estimation of Tumor-Infiltrating Immune
Cells with Risk Assessment Model

“H

Enrihment analysis

I Low r>0.87,
CELL - High . . P<0.001 - -

CP-counter






OEBPS/Images/fimmu-13-932938-g003.jpg
091 Myeloid dendritic cell p = 0.027

5

fibroblast p=0.00087 |Macrophage p=0.0027 | Monocyte p =0.0027 NK cell
300 ey e 1.00
IRLncSig o
Score ﬁ . “
g 0.75 .
CIMEE
@
high 8 0.50
€
3
$ S, 100
o 025
low g
0 0.00
B C
Macrophage p=9.7e-05| Tcell CD8+ p=0.0036 B cell naive p=0.023 Monocyte p=0.0081
i
0.6 nO: 20
& o
e @
8 @ 15
Q04 2 .
(9] =
= o 1.0
w . [}
0.2 . : 2
" w05 o
o 1 5 a 3
d i [ G
=8 | g v o S
oo —abA e 00| —sBe _datu 2R

B cell plasma p=0.013

Macrophage M2 p =0.022

Macrophage M2  p =0.0011

Macrophage

p=0.0026

Myeloid dendritic cell

T cell CD8+ p=0.034

o
w

XCELL SCORES
o
9

o

=
=3

0.4

o
w

TIMER SCORES
=)
)

0.1

0.8

0.6

04

quanTlseq SCORES

uncharacterized cell

p=0.027
NC
i
i T

xCELL SCORES

0.5

04

03

0.2

0.1

0.0

Granulocyte-monocyte

T cell CD4+ Th1

T cell CD8+ naive

p = 5.4e-05 p = 00088 p = 0.00099






OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/table1.jpg
Gene Symbol

AGAP2-AS1
CYP1B1-AS1
UBXN10-AS1
LINCO01127
RP11-84D1.2

HR, hazard ratio; CI, confidence interval; IncRNAs, long noncoding RNAs; GBM, glioblastoma multiforme.
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