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Background: Glioma is the most common primary tumor of the central nervous system. The conventional glioma treatment strategies include surgical excision and chemo- and radiation-therapy. Interferon Gamma (IFN-γ) is a soluble dimer cytokine involved in immune escape of gliomas. In this study, we sought to identify IFN-γ-related genes to construct a glioma prognostic model to guide its clinical treatment.
Methods: RNA sequences and clinicopathological data were downloaded from The Cancer Genome Atlas (TCGA) and the China Glioma Genome Atlas (CGGA). Using univariate Cox analysis and the Least Absolute Shrinkage and Selection Operator (LASSO) regression algorithm, IFN-γ-related prognostic genes were selected to construct a risk scoring model, and analyze its correlation with the clinical features. A high-precision nomogram was drawn to predict prognosis, and its performance was evaluated using calibration curve. Finally, immune cell infiltration and immune checkpoint molecule expression were analyzed to explore the tumor microenvironment characteristics associated with the risk scoring model.
Results: Four out of 198 IFN-γ-related genes were selected to construct a risk score model with good predictive performance. The expression of four IFN-γ-related genes in glioma tissues was significantly increased compared to normal brain tissue (p < 0.001). Based on ROC analysis, the risk score model accurately predicted the overall survival rate of glioma patients at 1 year (AUC: The Cancer Genome Atlas 0.89, CGGA 0.59), 3 years (AUC: TCGA 0.89, CGGA 0.68), and 5 years (AUC: TCGA 0.88, CGGA 0.70). Kaplan-Meier analysis showed that the overall survival rate of the high-risk group was significantly lower than that of the low-risk group (p < 0.0001). Moreover, high-risk scores were associated with wild-type IDH1, wild-type ATRX, and 1P/19Q non-co-deletion. The nomogram predicted the survival rate of glioma patients based on the risk score and multiple clinicopathological factors such as age, sex, pathological grade, and IDH Status, among others. Risk score and infiltrating immune cells including CD8 T-cell, resting CD4 memory T-cell, regulatory T-cell (Tregs), M2 macrophages, resting NK cells, activated mast cells, and neutrophils were positively correlated (p < 0.05). In addition, risk scores closely associated with expression of immune checkpoint molecules such as PD-1, PD-L1, CTLA-4, LAG-3, TIM-3, TIGIT, CD48, CD226, and CD96.
Conclusion: Our risk score model reveals that IFN-γ -associated genes are an independent prognostic factor for predicting overall survival in glioma, which is closely associated with immune cell infiltration and immune checkpoint molecule expression. This model will be helpful in predicting the effectiveness of immunotherapy and survival rate in patients with glioma.
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INTRODUCTION
Glioma is the most common primary tumor of the central nervous system, accounting for approximately 75% malignant primary brain tumors in adults (Ostrom et al., 2017). Gliomas usually originate from glial cells or other progenitor cells and are accordingly termed as astrocytoma, oligodendroglioma, oligodendroglioma, and ependymoma (Zhang et al., 2012). According to the new classification of central nervous system tumors by the World Health Organization (WHO) in 2016, gliomas can be classified into grade I to IV (Villa et al., 2018). Higher grade gliomas (grade IV) are the most lethal glioma (also called as glioblastoma, GBM) that have poor prognosis, with a median OS of only 15 months (Bleeker et al., 2012). Conventional treatment for gliomas includes surgical resection combined with radiation and/or chemotherapy. Although immunotherapy, targeted therapy, and combination therapy have been developed, the immune regulation and immune escape mechanisms used by glioblastoma pose considerable challenges to immunotherapy (Gieryng et al., 2017).
Interferons are highly species-specific glycoproteins that exert antiviral, anti-proliferative, anti-tumor, and immunoregulatory effects, and play pivotal role in coordinating immune response (Gresser, 1990). IFN-γ is a member of the type II IFN family. The mouse and human IFN-γ proteins are encoded by a 6 kb gene consisting of four exons and three introns located on exons 10 and 12, respectively (Trent et al., 1982). IFN-γ protein is a homodimer formed by non-covalent binding of two 17 kDa polypeptide subunits (Ealick et al., 1991). IFN-γ is secreted primarily by lymphocytes (CD4+ T helper type 1 (Th1) cells and CD8+ cytotoxic T-cell) (Kasahara et al., 1983; Corthay et al., 2005), gamma delta T-cell (Gao et al., 2003), and natural killer (NK) cells (Keppel et al., 2015) and plays an important role in coordinating innate and adaptive immune responses against viruses, bacteria, and tumors. IFN-γ can also promote pathological inflammatory process (Ni and Lu, 2018), and its involvement is positively associated with survival in cancer patients. Therefore, it is necessary to study the immunoregulatory effects of IFN-γ in tumor microenvironment (TME) (Castro et al., 2018).
In this study, we analyzed gene expression and clinical data of glioma samples obtained from The Cancer Genome Atlas (TCGA) database. Next, a risk score model based on IFN-γ genes was constructed using minimum absolute contraction and selection operator (LASSO) regression analysis and Cox regression analysis and validated in the Chinese Glioma Genome Atlas (CGGA) dataset. The potential relationship between the risk scoring model and clinicopathological features was analyzed using a nomogram. In addition, we analyzed the risk scoring model in predicting glioma prognosis based on immune status of TME, its relationship with immune checkpoint molecule expression, and its potential role in predicting immunotherapy outcomes. Considering the close correlation between IFN-γ and clinical treatment outcomes, we believe that our predictive model will be a useful reference for the future research studies in this field.
MATERIALS AND METHODS
Data collection
We collected transcriptome data and clinical prognosis information of 689 glioma patients from TCGA portal (https://portal.gdc.cancer.gov/); data of 212 normal patients were used as control. Only samples for which information related to complete time of life, status of life, and clinicopathological type including patient age, gender, glioma grade, IDH state, and pathological type were available, included in analysis. In addition, transcriptome data and clinical data of 367 glioma patients were downloaded from the CGGA portal (http://www.cgga.org.cn/) (Liu et al., 2018) for verifying results. We collected 30 primary glioma samples and 10 normal brain tissue samples from the Jiangxi Cancer Hospital (2020ky074).
Gene set enrichment analysis
GSEA is performed to determine whether a set of pre-defined genes shows statistically significant and consistent differences between two biological states. Data of glioma and normal samples were subjected to GSEA (Subramanian et al., 2005) (https://www.gsea-msigdb.org/gsea/index.jsp). Significant differences in GSEA were verified by normalized enrichment score (NES) and error detection rate (FDR). Furthermore, we subjected our data to the Annotation, the Visualization, and Integrated the Discovery (DAVID) (Huang et al., 2009) (https://david.ncifcrf.gov/), Gene ontology (GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses. The pathway enrichment criteria were p < 0.05 and FDR< 0.05.
Construction and validation of IFN-γ -related gene signature
First, we used “survival” and “glmnet” R software packages (Friedman et al., 2010) and performed univariate Cox regression analysis and the LASSO regression analysis to screen survival-related genes in glioma patients. Multivariate Cox regression analysis was performed to screen genes that could be used as independent prognostic factors for OS, and their regression coefficients were calculated. The risk score for each glioma patient was calculated as follows: Risk score = [Expression of Gene 1× coefficient]+[Expression of Gene 2× Coefficient]++... [Expression of Gene n× coefficient] Patients were further divided into high - and low-risk groups based on the median risk score. Kaplan-Meier method was used to compare survival differences between high- and low-risk groups. Finally, the “survival ROC” R software package (Heagerty et al., 2000) was used to establish time-dependent receiver operating characteristic (ROC) curve analysis (including 1-, 3-, and 5-year survival rate) to evaluate the sensitivity and accuracy of risk score. In addition, we used CGGA data set to verify the risk scoring model and generate Kaplan-Meier survival curve and survival ROC curve.
RNA extraction and quantitative real-time PCR (RT-qPCR)
RNA was extracted from tissues using TRIzol reagent (TaKaRa, Shiga, Japan). cDNA synthesis was performed using PrimeScript RT kit (RR047A, TaKaRa). Real-time quantitative PCR was performed using a standard SYBR Green PCR kit (Takara, RR820A). We used the 2−ΔΔCT method for calculations. The primers for the mRNA TNFAIP6 were 5′-TGC​TAC​AAC​CCA​CAC​GCA​AA-3' (forward) and 5′-CTC​AGG​TGA​ATA​CGC​TGA​CCA-3' (reverse). The primers for the mRNA PSMB2 were 5′- ATC​CTC​GAC​CGA​TAC​TAC​ACA​C-3' (forward) and 5′-GAA​CAC​TGA​AGG​TTG​GCA​GAT -3" (reverse). The primers for mRNA IRF4 were 5′-GCG​GTG​CGC​TTT​GAA​CAA​G-3' (forward) and 5′- ACA​CTT​TGT​ACG​GGT​CTG​AGA-3' (reverse). The primers for mRNA IFNAR2 were 5′-TCA​TGG​TGT​ATA​TCA​GCC​TCG​T-3' (forward) and 5′-AGT​TGG​TAC​AAT​GGA​GTG​GTT​TT -3" (reverse). The primers for GAPDH, 5′-CCC​ATC​ACC​ATC​TTC​CAG​GAG-3' (forward) and 5′-GTT​GTC​ATG​GAT​GAC​CTT​GGC-3' (reverse).
Analysis of infiltrating immune cells
To investigate the correlation between the risk model based on IFN-γ associated genes and TME, we used ESTIMATE R package (Yoshihara et al., 2013) and CIBERSORT (https://cibersort.stanford.edu/) (Newman et al., 2015) to determine the TME score and the proportion of 22 kinds of infiltrating immune cells. Furthermore, we applied the Wilcox test to compare the differentially infiltrating immune cells between the high-rated and low-rated groups.
Construction of prognostic nomogram
A nomogram can be used to combine multiple variables to diagnose or predict the probability of disease onset or progression. Using the “rms” R software package and the prognostic and clinicopathological features of the IFN-γ -associated gene risk score model, we developed a nomogram to predict the prognosis of glioma patients. Simultaneously, calibration plots were generated to compare the predicted values with actual survival rates to evaluate the accuracy of the nomogram.
Statistical analysis
Kaplan-Meier method was used for survival analysis, and log-rank test was used to evaluate OS differences between groups. Univariate and multivariate analyses were performed using Cox proportional risk model to determine whether the risk scoring model could accurately predict prognosis of glioma patients. The violin diagram was drawn using the “violot” R software package. In addition, we performed an independent t-test to assess the relationship between IFN-γ -associated genes and various clinicopathological factors. SPSS (Version 26.0) and R software (Version 4.1.0) were used for all statistical analysis and generating charts. Results with p < 0.05 were considered statistically significant.
RESULTS
Identification of IFN-γ related genes
By performing GSEA of glioma and normal samples, specific gene sets were obtained. Twenty-six gene sets related to complement system, inflammatory response, interferon gamma response, mitotic spindle, Kras signaling, E2f targets, allograft rejection, IL2/Stat5 signaling, mTORC1 signaling, and MYC target v1, among others were enriched. (Figure 1A; Table 1). We selected 198 genes (p = 0.029) to further analyze the relationship between the function of the IFN-γ response-related genes and glioma patients prognosis. Functional enrichment analysis showed that the signaling pathway associated with the IFN-γ related gene was “Influenza A" (Figure 1C). Moreover, GO analysis revealed that in biological process (BP), molecular function (MF), and cellular component (CC), the gene was mainly involved in “immune response” and “regulatory region” among others. (Figure 1B).
[image: Figure 1]FIGURE 1 | Identification of IFN-γ related genes. (A) GSEA analysis of glioma and normal samples from TCGA database. Enrichment analysis of 198 IFN-γ - related genes: (B) Enriched GO terms. (C) Kyoto Encyclopedia of Genes and Genomes Pathway. (D, E) Establishment and evaluation of risk scoring model based on IFN-γ-associated genes.
TABLE 1 | Gene sets enriched in normal and glioma patients.
[image: Table 1]Establishment and evaluation of risk scoring model based on IFN-γ-associated genes
Based on the IFN-γ gene set in MSigDB, 198 IFN-γ -associated genes were selected. First, we performed LASSO regression analysis to identify the following 19 IFN-γ -associated genes, CASP4, PSMA2, SERPING1, KLRK1, SLC25A28, IFIT2, LY6E, TNFAIP6, ISG20, PSMB2, ITGB7, BANK1, IRF4, NFKBIA, IFNAR2, PIM1, TXNIP, IFITM3 and METTL7B (Figures 1D,E). Subsequently, univariate Cox analysis was performed on these 19 genes to search for genes associated with patient OS and prognosis. Eighteen IFN-γ related genes were selected (p < 0.05) (Figure 2A). Finally, multivariate Cox analysis revealed the four genes significantly associated with patient prognosis (p < 0.05), namely IFNAR2, IRF4, PSMB2 and TNFAIP6 (Figure 2B), that were subsequently used to establish a risk assessment model. In order to determine the expression of these four genes in glioma. We performed qRT-PCR analysis and found that the expressions of TNFAIP6 (Figure 2C), PSMB2 (Figure 2D), IRF4 (Figure 2E) and IFNAR2 (Figure 2F) were significantly upregulated in glioma tissues (n = 30) compared to normal brain tissues (n = 10). The equation used for calculating risk assessment was as follows: Risk score = (0.4007 * IFNAR2 expression value) + (−0.0693 * IRF4 expression value) + (0.8667 * PSMB2 expression value) + (0.3424 * TNFAIP6 expression value). We considered the median score as the critical value and divided the samples into the high- and the low-risk groups. Our results showed that the survival of patients in the high-risk group was worse than that in the low-risk group. The expression profiles of these four genes in the two groups is illustrated as a heat map (Figure 3A). Based on these findings, we inferred that our risk model may be an efficient tool to predict glioma patient prognosis.
[image: Figure 2]FIGURE 2 | 19 IFN-γ -associated genes were selected by the LASSO regression analysis. (A) 18 IFN-γ - associated genes were selected by univariate Cox analysis. (B) 4 IFN-γ - associated genes were selected by multivariate Cox analysis. The expressions of TNFAIP6 (C), PSMB2 (D), IRF4 (E) and IFNAR2 (F) were significantly upregulated in glioma tissues compared to normal brain tissues. ****p < 0 .0001.
[image: Figure 3]FIGURE 3 | Construction of OS prediction model based on 4 genes in the TCGA dataset: (A) Heat maps of four genes in the high and low risk score groups. (B) Time-dependent ROC curve for OS. (C) Kaplan-Meier analysis. Validation of OS prediction model based on 4 genes in CGGA dataset: (D) Heat maps of four genes in the high and low risk score groups. (E) Time-dependent ROC curve for OS. (F) Kaplan-Meier analysis.
The risk score model based on IFN-γ related genes could independently predict prognosis of glioma patients
Univariate COX regression analysis showed that risk score was significantly associated with prognosis (HR = 6.616, 95% CI = 4.701–9.313, p < 0.001; Table 2). Multivariate Cox regression analysis, after adjustment for other clinical characteristics, confirmed that risk score was independent of the clinical parameters (HR = 2.037, 95%CI = 1.236–3.357, p = 0.005) (Table 2). Kaplan-Meier analysis of differential survival between the two groups found that patients in the high-risk group had significantly worse survival (shorter survival duration and lower survival) than those in the low-risk group (p < 0.0001) (Figure 3C). To verify the superiority of our risk scoring model, relevant ROC curves were drawn. The AUC values of 1-, 3- and 5-year regions were 0.89, 0.89, and 0.88, respectively, (all AUC values >0.7; Figure 3B), indicating that the risk model had good predictive value.
TABLE 2 | Univariate and multivariate analysis of the risk scores in TCGA database and CGGA database.
[image: Table 2]Validation of the risk scoring model
We used the CGGA database as a validation set to evaluate the reliability of our risk scoring model for IFN-γ -associated genes. The median score was taken as the critical value, and the samples were divided into the high- and low-risk groups. Patient OS status was assessed and the heat maps depicting the expressions of the selected four genes in the two groups were drawn (Figure 3D). Survival was consistently low in the high-risk group (Figure 3F). ROC curve analysis of validation sets assessed the prognostic efficiency of risk scoring model. The AUC value for 1-, 3-, and 5-year was 0.59, 0.68, 0.70, respectively (Figure 3E). In addition, univariate COX regression analysis showed that risk score significantly correlated with prognosis (HR = 2.484, 95%CI = 1.855–3.327, p < 0.001) (Table 2). Multivariate Cox regression analysis showed that risk score could independently predict prognosis (HR = 1.585, 95%CI = 1.159–2.168, p = 0.004) (Table 2). Collectively, these results suggest that risk score based on the selected four genes could efficiently predict patient prognosis.
Correlation between risk scoring model, disease progression, and the nomogram
We explored the relationship between the IFN-γ -associated gene scoring model and various clinicopathological factors, and found that patients with advanced tumor grade, Astrocytoma, wild-type IDH1, 1P/19Q non-co-deletion, and wild-type ATRX had significantly higher risk scores (p < 0.05, Figures 4A–E). The IFN-γ related gene score model was statistically correlated with a variety of clinicopathological factors; the higher the risk score, the worse the clinicopathological status. In addition, we constructed a nomogram based on the risk scores and independent clinical factors (age, sex, and tumor grade) (Figure 5A). The nomogram was used to predict OS rates at 1, 3, and 5 years. Calibration curves for 1-, 3-, and 5-year OS showed that the nomogram had good predictive accuracy for the TCGA dataset (Figures 5B–D).
[image: Figure 4]FIGURE 4 | IFN-γ -associated gene scoring model was correlated with WHO Grade (A), glioma subtype (B), IDH1 (C), 1P19Q co-deletion (D), ATRX (E) and TP53 (F). **p < 0.01, ****p < 0 .0001.
[image: Figure 5]FIGURE 5 | Constructed a nomogram based on the risk scoring model and independent clinical factors. (A) Nomogram predicts 1 -, 3 -, and 5-year OS for glioma patients. (B–D) Calibration curves for 1-, 3-, and 5-year OS.
IFN-γ -associated gene scoring model predicts tumor microenvironment changes in glioma patients
To explore the association between immune response and IFN-γ related genes in gliomas whose data was obtained from TCGA, we applied the ESTIMATE algorithm to explore the relationship between the risk models and immune cell infiltration, where the immune score was positively correlated with risk score (Figure 6A). Next, we assessed the relative proportions of 22 types of infiltrating immune cells using the CIBERSORT. As shown in Figure 6B, CD8 T-cell, resting memory CD4 T-cell, monocytes, M2 macrophages, and activated mast cells had higher proportions among infiltrated immune cells. Furthermore, memory B-cell, naive CD4 T-cell, activated NK cells, and monocytes were negatively correlated with risk score, whereas CD8 T-cell, resting CD4 memory T-cell, regulatory T-cell (Tregs), M2 macrophages, resting NK cells, activated mast cells, and neutrophils were positively correlated with risk score (p < 0.05, Figure 6B).
[image: Figure 6]FIGURE 6 | Correlation between IFN-γ -associated gene scoring model and tumor microenvironment. (A) The ESTIMATE algorithm to explore the relationship between the risk models and immune cell infiltration. (B) The percentages of 22 immune cells were assessed using CIBERSORT. **p < 0.01, ****p < 0 .0001.
We also evaluated the prognostic value of 22 types of infiltrating immune cells and found that cells including memory B-cell (Figure 7A), monocytes (Figure 7B), neutrophils (Figure 7D), activated NK cells (Figure 7C), resting NK cells (Figure 7E), resting CD4 memory T-cell (Figure 7F), and CD8 T-cell (Figure 7G) was significantly associated with OS (p < 0.05). Neutrophils, resting NK cells, resting memory CD4 T-cell, CD8 T-cell higher dilatancy abundance was associated with poor OS, whereas a higher abundance of memory B-cell, monocytes, neutrophils, and activated NK cells indicated better OS. In summary, risk score statistically correlated with the altered proportion of most immune cells, suggesting that our IFN-γ-associated gene risk score model can predict the immunological status of glioma microenvironment.
[image: Figure 7]FIGURE 7 | Prognostic value of infiltrating immune cells: memory B-cell (A), monocytes (B), activated NK cells (C), neutrophils (D), resting NK cells (E), resting CD4 memory T-cell (F), and CD8 T-cell (G). Correlation between IFN-γ -associated gene scoring model and immune checkpoints: (H) Correlation Circos plots. (I) Expression of immune checkpoints in the high and low risk scoring group.
Correlation of interferon gamma gene risk assessment models with immune checkpoints
The association of our risk score with important checkpoint molecules, including PD-1, PD-L1, CTLA-4, LAG-3, TIM-3, TIGIT, CD226, CD48 and CD96, was evaluated in the TCGA dataset (Figure 7H). The correlation coefficient R between risk score and genes encoding immune checkpoint molecules is shown in supplementary Table 1. In addition, we found that the expression of LAG-3, CTLA-4, PD-L1, PD-1, CD48, CD226, TIM-3, and CD96 was significantly higher in high-risk groups than in low-risk groups (p < 0.0001; Figure 7 I).
DISCUSSION
Glioma is the most common primary malignant tumor of central nervous system. Conventional treatment modalities for glioma include surgery and radio- and chemo-therapy. However, none of these significantly improve the prognosis of glioma patients. Studies have shown that immunotherapy is a powerful strategy for clinical management of various cancers including glioma (Sanmamed and Chen, 2018; Riley et al., 2019; Daubon et al., 2020). Therefore, it is necessary to identify potential biomarkers to predict the survival in glioma patients. Moreover, immune-related biomarkers of TME will help to predict the patient immune response. To maximize the clinical benefits of glioma immunotherapy and improving patient prognosis, it may be a useful strategy to enrich the immune cell populations relevant for immunotherapeutic outcomes.
In tumors, IFN-γ acts as an effective apoptosis-inducing factor by directly inducing caspase-1 and caspase-8 in tumor cells (Chin et al., 1997). IFN-γ also plays an important role in regulating immune response; antigen presentation (Ivashkiv, 2018); inflammation; chemotactic signaling (Mauldin et al., 2016); modulating extracellular matrix, thereby affecting metastasis and tumor structure (Glasner et al., 2018); and activation and polarization of white blood cells (Burke and Young, 2019). Furthermore, IFN-γ plays an important role in inducing PD-L1 expression in glioma (Qian et al., 2018). So far, studies have focused on the role of IFN-γ in cancer progression and treatment; however, only a handful studies have investigated the role of IFN-γ-associated genes in glioma prognosis.
Here, we first selected 198 IFN-γ -associated genes. Among these, four genes (IFNAR2, IRF4, PSMB2 and TNFAIP6) were identified as potential prognostic markers by univariate Cox analysis and LASSO regression analysis, and were used to construct prognostic models. Silginer et al. reported that silencing the gene encoding IFN alpha/beta receptor 2 (IFNAR2) leads to decreased expression of PD-L1 and major histocompatibility complex (MHC) proteins, thereby facilitating immune evasion of glioma cells (Silginer et al., 2017). Lei et al. reported that IRF4 mRNA overexpression is associated with advanced pathological tumor grade and worse prognosis of glioma patients (Lei et al., 2021). Tan et al. reported that PSMB2 knockdown inhibits HCC proliferation, invasion, and tumorigenesis (Tan et al., 2018), whereas Niu et al. reported that TNFAIP6 is involved in inflammatory and immune response pathways (Niu et al., 2021). In our study, these four genes were involved in tumor development, inflammation, and immune response pathways. We used CGGA database to verify the validity and stability of our model. We observed significantly lower survival in the high-risk group than in the low-risk group (p < 0.0001). Univariate and multivariate Cox regression analysis confirmed that our model was an independent tool to predict patient prognosis (p < 0.05). Finally, a nomogram was established to validate the good performance of our risk model for predicting patient prognosis.
TME is a key factor regulating the development of malignant tumors (Quail and Joyce, 2017). Comprehensive understanding of the glioma TME will greatly improve the efficacy of glioma treatment strategies and prognosis of glioma patients. Our risk scoring model positively correlated with the immune score and matrix score of TME, indicating that the model was stable and accurate. Tumor-infiltrating immune cells are an important component of several cancers (Niu et al., 2020). CIBERSORT was used to evaluate the relative proportion of 22 types of infiltrating immune cells. M2 macrophages are the most important immune cell type and are involved in immunosuppression and tumor growth promotion (Zhu et al., 2017). Our results showed that M2 macrophages were more prevalent in the high-risk group. CD8 T-cell have the potential to treat glioblastoma via CAR T-cell therapy (Murphy and Griffith, 2016). We found that CD8 T-cell was significantly associated with OS (p < 0.05). Therefore, our risk score may correctly predict the status of glioma TME as well as patient outcomes.
Checkpoint inhibitors are playing an increasingly important role in glioma immunotherapy (Ghouzlani et al., 2021). Among them, PD-1 and its ligand PD-L1 significantly modulate immunotherapy outcomes in various tumors (Wang et al., 2019). The binding of PD-1 to PD-L1 facilitates cancer immune evasion via inhibiting T-cell function (Ricklefs et al., 2018). In this study, we observed a correlation between the risk scoring model and PD-L1 using the TCGA dataset (R = 0.54). The mechanism of positive correlation between the risk score and PD-L1 in glioma may be related to IFN/PD-L1 axis of anti-PD-1/PD-L1 treatment (Qian et al., 2018). Biomarkers identified based on risk score model can accurately predict the efficacy of PD-L1 inhibitor therapy, thereby allowing glioma patients to benefit more from PD-L1 blocker therapy in the future. Cytotoxic T-lymphocyte associated protein 4 (CTLA-4) can affect the treatment of advanced cancer and targeting drugs have been used for treating different types of cancer (Rotte, 2019). CTLA-4 overexpression in glioma TME can induce immune cell infiltration (Liu et al., 2020). Our risk score model positively correlated with CTLA-4 (R = 0.33), which may be associated with CTLA-4 blocking and increased number of IFN-γ -producing tumor-infiltrating T-cell (Giles et al., 2018). Collectively, these results suggest that our risk score model can predict patient prognosis as well as response to immune checkpoint therapy.
We generated a risk model based on four IFN-γ -associated gene, which were selected based on rigorous screening criteria. The specificity and reliability of the model were verified in CGGA data sets. In addition, we generated a nomogram based on the clinical characteristics of patients. Further explore the correlation among TME, infiltrating immune cells, and immune checkpoint inhibitors, which may be useful in the future for effectively predicting prognosis of glioma patients in clinical settings. However, our study has limitations. Since our study mainly involved in silico analysis of mined data, the results should be validated in laboratories and clinics using a larger number of glioma patients in the future.
In conclusion, we constructed a risk score model based on IFN-γ-related genes that are closely related to the immune status of TME. This model can better predict the prognosis of glioma patients and help in optimizing glioma immunotherapy.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
ETHICS STATEMENT
The studies involving human participants were reviewed and approved by The Jiangxi Cancer Hospital, Jiangxi, China. The patients/participants provided their written informed consent to participate in this study.
AUTHOR CONTRIBUTIONS
ZZ and XS designed the manuscript. YM, ZT, SC, YX, ZW, and XL conducted the study and analyzed the data. YJ, WH, ZC, SC, and TL contributed to the literature retrieval of the manuscript. ZZ wrote the manuscript and the writing was directed by QL. All authors read and approved the final manuscript.
FUNDING
This study by the national natural science fund project (81960458, 81860664, 82060680), The Province Natural Science Foundation of Jiangxi Province (NO. 20202BABL216080), The research program of science and technology in jiangxi province department of education (180077), Youth Project of Jiangxi Provincial Department of Education (GJJ200244), Science and Technology Program of Jiangxi Provincial Health Commission (202130347), The Distinguished Young Scholars Fund of Jiangxi Cancer Hospital (2021DYS01).The Distinguished Young Scholars Fund of Jiangxi Province(20224ACB216015).
ACKNOWLEDGMENTS
We thank editage (http://www.fabiao@editage.cn) for editing this manuscript.
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.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.1053263/full#supplementary-material
REFERENCES
 Bleeker, F. E., Molenaar, R. J., and Leenstra, S. (2012). Recent advances in the molecular understanding of glioblastoma. J. Neuro-Oncol. 108, 11–27. doi:10.1007/s11060-011-0793-0
 Burke, J. D., and Young, H. A. (2019). IFN-γ: A cytokine at the right time, is in the right place. Semin. Immunol. 43, 101280. doi:10.1016/j.smim.2019.05.002
 Castro, F., Cardoso, A. P., Goncalves, R. M., Serre, K., and Oliveira, M. J. (2018). Interferon-gamma at the crossroads of tumor immune surveillance or evasion. Front. Immunol. 9, 847. doi:10.3389/fimmu.2018.00847
 Chin, Y. E., Kitagawa, M., Kuida, K., Flavell, R. A., and Fu, X. Y. (1997). Activation of the STAT signaling pathway can cause expression of caspase 1 and apoptosis. Mol. Cell Biol. 17, 5328–5337. doi:10.1128/mcb.17.9.5328
 Corthay, A., Skovseth, D. K., Lundin, K. U., Rosjo, E., Omholt, H., Hofgaard, P. O., et al. (2005). Primary antitumor immune response mediated by CD4+ T cells. Immunity 22, 371–383. doi:10.1016/j.immuni.2005.02.003
 Daubon, T., Hemadou, A., Romero Garmendia, I., and Saleh, M. (2020). Glioblastoma immune landscape and the potential of new immunotherapies. Front. Immunol. 11, 585616. doi:10.3389/fimmu.2020.585616
 Ealick, S. E., Cook, W. J., Vijay-Kumar, S., Carson, M., Nagabhushan, T. L., Trotta, P. P., et al. (1991). Three-dimensional structure of recombinant human interferon-gamma. Science 252, 698–702. doi:10.1126/science.1902591
 Friedman, J., Hastie, T., and Tibshirani, R. (2010). Regularization paths for generalized linear models via coordinate descent. J. Stat. Softw. 33, 1–22. doi:10.18637/jss.v033.i01
 Gao, Y., Yang, W., Pan, M., Scully, E., Girardi, M., Augenlicht, L. H., et al. (2003). Gamma delta T cells provide an early source of interferon gamma in tumor immunity. J. Exp. Med. 198, 433–442. doi:10.1084/jem.20030584
 Ghouzlani, A., Kandoussi, S., Tall, M., Reddy, K. P., Rafii, S., and Badou, A. (2021). Immune checkpoint inhibitors in human glioma microenvironment. Front. Immunol. 12, 679425. doi:10.3389/fimmu.2021.679425
 Gieryng, A., Pszczolkowska, D., Walentynowicz, K. A., Rajan, W. D., and Kaminska, B. (2017). Immune microenvironment of gliomas. Lab. Invest. 97, 498–518. doi:10.1038/labinvest.2017.19
 Giles, A. J., Hutchinson, M. N. D., Sonnemann, H. M., Jung, J., Fecci, P. E., Ratnam, N. M., et al. (2018). Dexamethasone-induced immunosuppression: mechanisms and implications for immunotherapy. J. Immunother. Cancer 6, 51. doi:10.1186/s40425-018-0371-5
 Glasner, A., Levi, A., Enk, J., Isaacson, B., Viukov, S., Orlanski, S., et al. (2018). NKp46 receptor-mediated interferon-gamma production by natural killer cells increases fibronectin 1 to alter tumor architecture and control metastasis. Immunity 48, 396–398. doi:10.1016/j.immuni.2018.01.010
 Gresser, I. (1990). Biologic effects of interferons. J. Invest. Dermatol. 95, 66S–71S. doi:10.1111/1523-1747.ep12874776
 Heagerty, P. J., Lumley, T., and Pepe, M. S. (2000). Time-dependent ROC curves for censored survival data and a diagnostic marker. Biometrics 56, 337–344. doi:10.1111/j.0006-341x.2000.00337.x
 Huang, da W., Sherman, B. T., and Lempicki, R. A. (2009). Systematic and integrative analysis of large gene lists using DAVID bioinformatics resources. Nat. Protoc. 4, 44–57. doi:10.1038/nprot.2008.211
 Ivashkiv, L. B. (2018). IFNγ: signalling, epigenetics and roles in immunity, metabolism, disease and cancer immunotherapy. Nat. Rev. Immunol. 18, 545–558. doi:10.1038/s41577-018-0029-z
 Kasahara, T., Hooks, J. J., Dougherty, S. F., and Oppenheim, J. J. (1983). Interleukin 2-mediated immune interferon (IFN-gamma) production by human T cells and T cell subsets. J. Immunol. 130, 1784–1789.
 Keppel, M. P., Saucier, N., Mah, A. Y., Vogel, T. P., and Cooper, M. A. (2015). Activation-specific metabolic requirements for NK Cell IFN-gamma production. J. Immunol. 194, 1954–1962. doi:10.4049/jimmunol.1402099
 Lei, J., Zhou, M. H., Zhang, F. C., Wu, K., Liu, S. W., and Niu, H. Q. (2021). Interferon regulatory factor transcript levels correlate with clinical outcomes in human glioma. Aging (Albany NY) 13, 12086–12098. doi:10.18632/aging.202915
 Liu, X., Li, Y., Qian, Z., Sun, Z., Xu, K., Wang, K., et al. (2018). A radiomic signature as a non-invasive predictor of progression-free survival in patients with lower-grade gliomas. NeuroImage Clin. 20, 1070–1077. doi:10.1016/j.nicl.2018.10.014
 Liu, F., Huang, J., Liu, X., Cheng, Q., Luo, C., and Liu, Z. (2020). CTLA-4 correlates with immune and clinical characteristics of glioma. Cancer Cell Int. 20, 7. doi:10.1186/s12935-019-1085-6
 Mauldin, I. S., Wages, N. A., Stowman, A. M., Wang, E., Smolkin, M. E., Olson, W. C., et al. (2016). Intratumoral interferon-gamma increases chemokine production but fails to increase T cell infiltration of human melanoma metastases. Cancer Immunol. Immunother. 65, 1189–1199. doi:10.1007/s00262-016-1881-y
 Murphy, K. A., and Griffith, T. S. (2016). CD8 T cell-independent antitumor response and its potential for treatment of malignant gliomas. Cancers (Basel) 8, 71. doi:10.3390/cancers8080071
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 12, 453–457. doi:10.1038/nmeth.3337
 Ni, L., and Lu, J. (2018). Interferon gamma in cancer immunotherapy. Cancer Med. 7, 4509–4516. doi:10.1002/cam4.1700
 Niu, B., Zeng, X., Phan, T. A., Szulzewsky, F., Holte, S., Holland, E. C., et al. (2020). Mathematical modeling of PDGF-driven glioma reveals the dynamics of immune cells infiltrating into tumors. Neoplasia 22, 323–332. doi:10.1016/j.neo.2020.05.005
 Niu, S., Zhao, Y., Ma, B., Zhang, R., Rong, Z., Ni, L., et al. (2021). Construction and validation of a new model for the prediction of rupture in patients with intracranial aneurysms. World Neurosurg. 149, e437–e446. doi:10.1016/j.wneu.2021.02.006
 Ostrom, Q. T., Gittleman, H., Liao, P., Vecchione-Koval, T., Wolinsky, Y., Kruchko, C., et al. (2017). CBTRUS Statistical Report: Primary brain and other central nervous system tumors diagnosed in the United States in 2010-2014. Neuro Oncol. 19, v1–v88. doi:10.1093/neuonc/nox158
 Qian, J., Wang, C., Wang, B., Yang, J., Wang, Y., Luo, F., et al. (2018). The IFN-γ/PD-L1 axis between T cells and tumor microenvironment: hints for glioma anti-PD-1/PD-L1 therapy. J. Neuroinflammation 15, 290. doi:10.1186/s12974-018-1330-2
 Quail, D. F., and Joyce, J. A. (2017). The microenvironmental landscape of brain tumors. Cancer Cell 31, 326–341. doi:10.1016/j.ccell.2017.02.009
 Ricklefs, F. L., Alayo, Q., Krenzlin, H., Mahmoud, A. B., Speranza, M. C., Nakashima, H., et al. (2018). Immune evasion mediated by PD-L1 on glioblastoma-derived extracellular vesicles. Sci. Adv. 4, eaar2766. doi:10.1126/sciadv.aar2766
 Riley, R. S., June, C. H., Langer, R., and Mitchell, M. J. (2019). Delivery technologies for cancer immunotherapy. Nat. Rev. Drug Discov. 18, 175–196. doi:10.1038/s41573-018-0006-z
 Rotte, A. (2019). Combination of CTLA-4 and PD-1 blockers for treatment of cancer. J. Exp. Clin. Cancer Res. 38, 255. doi:10.1186/s13046-019-1259-z
 Sanmamed, M. F., and Chen, L. (2018). A paradigm shift in cancer immunotherapy: From enhancement to normalization. Cell 175, 313–326. doi:10.1016/j.cell.2018.09.035
 Silginer, M., Nagy, S., Happold, C., Schneider, H., Weller, M., and Roth, P. (2017). Autocrine activation of the IFN signaling pathway may promote immune escape in glioblastoma. Neuro Oncol. 19, 1338–1349. doi:10.1093/neuonc/nox051
 Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M. A., et al. (2005). Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102, 15545–15550. doi:10.1073/pnas.0506580102
 Tan, S., Li, H., Zhang, W., Shao, Y., Liu, Y., Guan, H., et al. (2018). NUDT21 negatively regulates PSMB2 and CXXC5 by alternative polyadenylation and contributes to hepatocellular carcinoma suppression. Oncogene 37, 4887–4900. doi:10.1038/s41388-018-0280-6
 Trent, J. M., Olson, S., and Lawn, R. M. (1982). Chromosomal localization of human leukocyte, fibroblast, and immune interferon genes by means of in situ hybridization. Proc. Natl. Acad. Sci. U. S. A. 79, 7809–7813. doi:10.1073/pnas.79.24.7809
 Villa, C., Miquel, C., Mosses, D., Bernier, M., and Di Stefano, A. L. (2018). The 2016 World Health Organization classification of tumours of the central nervous system. Presse Med. 47, e187–e200. doi:10.1016/j.lpm.2018.04.015
 Wang, X., Guo, G., Guan, H., Yu, Y., Lu, J., and Yu, J. (2019). Challenges and potential of PD-1/PD-L1 checkpoint blockade immunotherapy for glioblastoma. J. Exp. Clin. Cancer Res. 38, 87. doi:10.1186/s13046-019-1085-3
 Yoshihara, K., Shahmoradgoli, M., Martinez, E., Vegesna, R., Kim, H., Torres-Garcia, W., et al. (2013). Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 4, 2612. doi:10.1038/ncomms3612
 Zhang, N., Zhang, L., Qiu, B., Meng, L., Wang, X., and Hou, B. L. (2012). Correlation of volume transfer coefficient Ktrans with histopathologic grades of gliomas. J. Magn. Reson. Imaging 36, 355–363. doi:10.1002/jmri.23675
 Zhu, C., Mustafa, D., Zheng, P. P., van der Weiden, M., Sacchetti, A., Brandt, M., et al. (2017). Activation of CECR1 in M2-like TAMs promotes paracrine stimulation-mediated glial tumor progression. Neuro Oncol. 19, 648–659. doi:10.1093/neuonc/now251
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.
Copyright © 2023 Zhang, Shen, Tan, Mei, Lu, Ji, Cheng, Xu, Wang, Liu, He, Chen, Chen and Lv. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-1053263-g005.gif





OPS/images/fgene-13-1053263-g006.gif
il






OPS/images/fgene-13-1053263-g003.gif





OPS/images/fgene-13-1053263-g004.gif





OPS/images/fgene-13-1053263-t002.jpg
Datasets Univariate Multivariate
Variable HR (95% ClI) HR (95% CI)
TCGA Age 4592 (3352-6.291) <0.001 1252 (0.861-1.819) 0240
Gender 1337 (0.998-1.791) 0051 1264 (0.913-1.751) 0.158
Histology 8.802 (6.367-12.168) <0.001 2220 (1.454-3.390) <0.001
Karnofsky Score 0.489 (0.348-0.686) <0.001 0778 (0.533-1.137) 0.195
1dh1 Status 0.111 (0.079-0.154) <0.001 0317 (0.188-0.534) <0001
Risk Score 6616 (4.701-9.313) <0.001 2,037 (1.236-3.357) 0.005
CGGA Age 2.897 (2.075-4.04) <0.001 1151 (0.797-1.662) 0.454
Gender 1131 (0.851-1.503) 0396 0996 (0.741-1.338) 0978
Histology 5.063 (3.787-6.768) <0.001 2,537 (1.769-3.640) <0001
1dh1 Status 0226 (0.168-0.305) <0.001 0394 (0.277-0.562) <0.001
Risk Score 2.484 (1.855-3.327) <0.001 1585 (1.159-2.168) 0.004






OPS/images/fgene-13-1053263-g007.gif





OPS/images/fgene-13-1053263-t001.jpg
GS follow link to MSigDB Size Es NOM p-val Rank at Max

COMPLEMENT 200 0598396 003198294 12,533
INFLAMMATORY RESPONSE 19 0631354 004535637 11,059
INTERFERON GAMMA RESPONSE 198 0720191 002941177 10,281
MITOTIC SPINDLE 198 0632598 001670913 14,770
KRAS SIGNALING UP 1% 0594534 00231579 10,234
E2F TARGETS 195 0786049 o 9399
ALLOGRAFT REJECTION 195 0670881 002547771 11,552
112 STATS SIGNALING 195 0622643 002708333 12435
MTORCI SIGNALING 195 0647061 00443038 14,672
MYC TARGETS V1 194 0723588 | 00131291 13,140
G2M CHECKPOINT 19 0747303 0.00408998 9630
APOPTOSIS 159 0630793 002291667 12,308
DNA REPAIR 147 0686525 002141328 12,039
INTERFERON ALPHA RESPONSE 95 0745016 004661017 11,450
PROTEIN SECRETION 95 0673518 0.02869757 10,966
IL6 JAK STAT3 SIGNALING 87 0718659 002736842 10,998
CHOLESTEROL HOMEOSTASIS 73 064373 000632911 12,308
MYC TARGETS V2 58 0706929 0.04814005 14,364
TGF BETA SIGNALING 54 | 0722212 | 000430108 10914
WNT BETA CATENIN SIGNALING 42 0650237 0.02620087 6137

NOTCH SIGNALING 32 0693124 000652174 6518






OPS/xhtml/nav.xhtml
Contents

		Cover

		Interferon gamma-related gene signature based on anti-tumor immunity predicts glioma patient prognosis		Introduction

		Materials and methods		Data collection

		Gene set enrichment analysis

		Construction and validation of IFN-γ -related gene signature

		RNA extraction and quantitative real-time PCR (RT-qPCR)

		Analysis of infiltrating immune cells

		Construction of prognostic nomogram

		Statistical analysis





		Results		Identification of IFN-γ related genes

		Establishment and evaluation of risk scoring model based on IFN-γ-associated genes

		The risk score model based on IFN-γ related genes could independently predict prognosis of glioma patients

		Validation of the risk scoring model

		Correlation between risk scoring model, disease progression, and the nomogram

		IFN-γ -associated gene scoring model predicts tumor microenvironment changes in glioma patients

		Correlation of interferon gamma gene risk assessment models with immune checkpoints





		Discussion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-1053263-g001.gif





OPS/images/fgene-13-1053263-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





