

[image: Identification of prognosis-related gene features in low-grade glioma based on ssGSEA]
Identification of prognosis-related gene features in low-grade glioma based on ssGSEA





ORIGINAL RESEARCH

published: 14 December 2022

doi: 10.3389/fonc.2022.1056623

[image: image2]


Identification of prognosis-related gene features in low-grade glioma based on ssGSEA


Yuanzhi He 1†, Zhangping Lin 2† and Sanyang Tan 3*


1 Department of Neurosurgery, Wuhan Children’s Hospital (Wuhan Maternal and Child Healthcare Hospital), Tongji Medical College, Huazhong University of Science & Technology, Wuhan, Hubei, China, 2 Clinical Laboratory, Hainan Women and Children’s Medical Center, Haikou, Hainan, China    , 3 Clinical Laboratory, Haikou Hospital of, The Maternal and Child Health, Haikou, Hainan, China




Edited by: 

Ye Wang, The Second Affiliated Hospital of Medical College of Qingdao University, China

Reviewed by: 

Li Qiu, Tianjin Medical University Cancer Institute and Hospital, China

Li Youkong, Jingzhou Central Hospital, China

*Correspondence: 

Sanyang Tan
 tansanyanglove@163.com


†These authors have contributed equally to this work and share first authorship


Specialty section: 
 This article was submitted to Cancer Genetics, a section of the journal Frontiers in Oncology


Received: 29 September 2022

Accepted: 23 November 2022

Published: 14 December 2022

Citation:
He Y, Lin Z and Tan S (2022) Identification of prognosis-related gene features in low-grade glioma based on ssGSEA. Front. Oncol. 12:1056623. doi: 10.3389/fonc.2022.1056623



Low-grade gliomas (LGG) are commonly seen in clinical practice, and the prognosis is often poor. Therefore, the determination of immune-related risk scores and immune-related targets for predicting prognoses in patients with LGG is crucial. A single-sample gene set enrichment analysis (ssGSEA) was performed on 22 immune gene sets to calculate immune-based prognostic scores. The prognostic value of the 22 immune cells for predicting overall survival (OS) was assessed using the least absolute shrinkage and selection operator (LASSO) and univariate and multivariate Cox analyses. Subsequently, we constructed a validated effector T-cell risk score (TCRS) to identify the immune subtypes and inflammatory immune features of LGG patients. We divided an LGG patient into a high-risk–score group and a low-risk–score group based on the optimal cutoff value. Kaplan–Meier survival curve showed that patients in the low-risk–score group had higher OS. We then identified the differentially expressed genes (DEGs) between the high-risk–score group and low-risk-score group and obtained 799 upregulated genes and 348 downregulated genes. The analysis of the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) show that DEGs were mainly concentrated in immune-related processes. In order to further explore the immune-related genes related to prognosis, we constructed a protein–protein interaction (PPI) network using Cytoscape and then identified the 50 most crucial genes. Subsequently, nine DEGs were found to be significantly associated with OS based on univariate and multivariate Cox analyses. It was further confirmed that CD2, SPN, IL18, PTPRC, GZMA, and TLR7 were independent prognostic factors for LGG through batch survival analysis and a nomogram prediction model. In addition, we used an RT-qPCR assay to validate the bioinformatics results. The results showed that CD2, SPN, IL18, PTPRC, GZMA, and TLR7 were highly expressed in LGG. Our study can provide a reference value for the prediction of prognosis in LGG patients and may help in the clinical development of effective therapeutic agents.
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Introduction

A glioma is a tumor arising from the carcinogenesis of glial cells in the brain and spinal cord and is characterized by a high incidence, a low cure rate, aggressive growth, a high malignancy, and a significantly higher incidence in men than in women. Gliomas are commonly found in clinical practice, accounting for approximately 81% of intracranial malignancies (1). Most types of gliomas have a poor prognosis due to their malignant biological behavior (2). Low-grade gliomas (LGG) are gliomas of low malignancy, and even though the prognosis is better than that of glioblastoma, many LGG progress to high-grade gliomas due to the great heterogeneity between different LGG, and thus the prognosis of LGG patients is poor (3, 4). Currently, clinical treatment for LGG includes surgical resection, radiotherapy, chemotherapy, electric field therapy, and supportive therapy, all of which help to prolong survival time and improve quality of life (5). However, reliable biomarkers that can predict poor prognoses in patients with LGG are uncommon in the diagnosis and treatment of LGG. Therefore, a search for effective prognostic predictors and therapeutic targets for LGG is necessary.

The development of LGG is closely related to immunity, and LGG cells can secrete a large number of cytokines that promote the entry of various immune cells into the tumor, which in turn creates a tumor microenvironment (6). The tumor microenvironment is involved in LGG growth, recurrence, invasion, and response to therapy, and immune cells are closely associated with poor prognoses in LGG patients (7). Currently, immuno-oncology is of great clinical interest due to its specific benefits in the treatment of a variety of cancers. Immune-related genes and immune-infiltrating cells play an integral role in the tumor microenvironment, helping to determine prognosis and providing an impetus for immunotherapy (8). Therefore, it is crucial to find immune-related risk scores and immune-related targets for predicting prognosis.

Currently, there is no report on the bioinformatics analysis of immune-related targets for predicting LGG prognosis based on single-sample gene set enrichment analysis (ssGSEA) and constructing T-cell risk score (TCRS), as described in the previous articles. In the present study, immune cell abundance in LGG samples was explored using ssGSEA to construct an effector TCRS. The prognostic value of immune cells for overall survival (OS) time prediction was assessed to elucidate functional differences between high- and low-risk groups distinguished by TCRS. Subsequently, a protein–protein interaction (PPI) network, univariate and multivariate Cox analyses, batch survival analysis, and nomogram prediction model can identify the crucial genes related to LGG prognosis and resolve the mode of action of crucial genes in LGG, providing a reference for improving the prognosis of LGG patients.



Data


Data sources

RNA-seq data from the LGG patient sample (n = 512) and corresponding clinical information can be obtained from The Cancer Genome Atlas (TCGA) for inclusion in subsequent analyses.



Prognostic value of immune cells for predicting overall survival

The ssGSEA algorithm is based on a set of 22 immune genes, including genes associated with different immune cell types, functions, pathways, and checkpoints. The ssGSEA results were analyzed using the R package “GSVA” to identify different levels of infiltration of immune cell types, immune-related functions, and immune-related pathways in LGG expression profiles. The image clustering heat map was drawn using the R package “Pheatmap.”

The prognostic value of 22 immune cells for predicting OS was assessed using least absolute shrinkage and selection operator (LASSO) and univariate and multivariate Cox analyses. The TCRS was determined based on the most prognostically significant immune cells, and the optimal cutoff value of the TCRS was calculated using the R package “ggrisk.” The LGG samples were divided into a high-risk–score group and a low-risk–score group based on the optimal cutoff value. Kaplan–Meier and ROC analyses were used to compare the survival of patients in both groups. Based on the ESTIMATE algorithm, the R package “ESTIMATE” was used to calculate the stroma score, immune score, and ESTIMATE score of LGG samples in different risk score groups. The box plot was drawn using the R package “ggpubr.” The relationship between different risk scores and changes in the expression of each immune gene was analyzed.



Differential analysis

Differential analysis was performed on the high-risk–score group and a low-risk–score group using the R package “limma” according to the screening threshold of |Log2FC|>1, adj.p < 0.05. The R package “clusterProfiler” was used to select datasets from the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO).



Protein–protein interaction networks

PPI networks were identified using the STRING database, and the biomolecular interaction networks of related genes were visualized using Cytoscape. A modular analysis of the network was performed using the MCODE plugin to screen the crucial genes in the PPI network. The prognostic value of the differentially expressed genes (DEGs) was analyzed using univariate and multivariate Cox analyses to obtain the genes related to the prognosis of the LGG patient sample, and p < 0.05 was considered to be significant.



Identification of low-grade glioma prognosis-associated genes

A univariate Cox regression analysis was performed on the LGG patient sample DEGs to screen for genes associated with prognosis using the log-rank test. The prognostic differences between the high gene expression group and low gene expression group were analyzed using the R package “Kaplan–Meier,” and p < 0.05 was considered to be significant.



Nomogram construction

Independent prognostic factors were determined based on univariate and multivariate Cox regression models. Column plots were constructed using the R packages “rms” and “survival.” A calibration curve was used to assess the accuracy of the line graphs, and p < 0.05 was considered to be significant.



Cell culture

Human glioma cell lines HS683 and the normal human glial cell line HEB were selected and provided by Xiangya Medical College of Changsha Central South University (China). The cells were cultured in DMEM supplemented with 1% streptomycin/penicillin and 10% FBS under saturated humidity, 37°C, and 5% CO2.



Real-time quantitative polymerase chain reaction

RNA was extracted using a TRIzol kit (Invitrogen, USA), and cDNA was synthesized using a reverse transcription kit. Real-time quantitative polymerase chain reaction (RT-qPCR) was performed using a SYBR Premix Ex Taq kit (TaKaRa, Japan). The primer sequences used are listed in Table 1. Gene expression levels were quantified using the 2−ΔΔCT method. The experiment was repeated three times.


Table 1 | RT-qPCR primer sequence.






Results


Prognostic value of immune cells for predicting overall survival

The ssGSEA method was applied to the transcriptome of LGG samples to find the distribution of 22 immune cell types (Figure 1A). Based on the LASSO model, the TCRS can be calculated as follows when lambda.min = 0.0257: RiskScore = 6.74934179805055 * CD4_naive + 6.83207575533917 * Tr1 − 1.22576340775653 * Th1 + 1.31766352136828 * NKT + 2.38814433064296 * B_cell + 3.26414059327394 * Monocyte + 3.2630292767646 * CD4_T (Figure 1B). Furthermore, using univariate and multivariate Cox analyses, the optimal cutoff value of 2.649 was obtained, and the results showed that Tr1, CD4_naive, and B_cell were related to the OS of patients with LGG (Figure 1C). The LGG patient sample was divided into a high-risk–score group and a low-risk–score group based on the optimal cutoff value (Figure 1D). Kaplan–Meier survival curves figured out that patients in the low-risk–score group had greater OS than those in the high-risk–score group (Figure 1E, p < 0.05). The ROC curves showed that TCRS had a better predictive value for 1-, 3-, and 5-year OS (Figure 1F). To verify the validity of the above model, the ESTIMATE algorithm was used to calculate the stromal score, immune score, and ESTIMATE score of LGG samples. The results showed that the stromal score, immune score, and ESTIMATE score were higher in the high-risk–score group than in the low-risk–score group (Figure 1G, p < 0.05). There was a significant difference in the expression of immune genes between the high-risk–score group and the low-risk–score group (Figure 1H, p < 0.05).




Figure 1 | Prognostic value of immune cells for predicting OS. (A) Distribution of immune cell types. (B) LASSO coefficient profiles. (C) Univariate and multifactorial Cox analyses used to identify OS-related immune cells. (D) Heat map of survival status and expression in different risk score groups. (E) Kaplan–Meier survival curves showing survival in the different risk score groups. (F) ROC curve showing the predictive value of TCRS for 1-, 3-, and 5-year OS. (G) Box plots showing differences in the stromal score, immune score, and ESTIMATE score between different risk score groups. (H) Expression of immune genes in different risk-score groups compared with low group. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.





Analysis of differences

Differential analysis was performed on the high-risk–score group and the low-risk–score group, and 799 upregulated genes and 348 downregulated genes were identified (Figures 2A, B). KEGG analysis showed that DEGs were enriched mainly in Staphylococcus aureus infection, complement and coagulation cascades, tuberculosis, and other pathways (Figure 2C). GO analysis showed that DEGs were enriched mainly in the immune system process, immune response, and other terms (Figure 2D).




Figure 2 | Analysis of differences. (A, B) Volcano plot showing DEGs in different risk score groups. (C) Bubble plot from KEGG analysis showing major enrichment of DEGs. (D) Bubble plot from GO analysis showing major enrichment of DEGs.





Establishment of protein–protein interaction network

The most important module in the PPI network consisted of 50 nodes and 868 edges (Figures 3A, B). The prognostic value of the 50 DEGs was analyzed using univariate and multivariate Cox analyses, and a total of nine prognostic-related genes were obtained, including CD2, SPN, IL18, CLEC7A, PTPRC, TLR2, GZMA, CD163, and TLR7 (Tables 2, 3). The expression of all nine genes was different in the different risk-score groups (Figure 3C, p < 0.05).




Figure 3 | Establishment of the PPI network. (A) PPI network showing protein interactions between nodes. (B) Most important modules in the PPI network. (C) Expression of nine prognosis-related genes in the different risk-score groups compared to low group. ****p < 0.0001.




Table 2 | Univariate Cox regression analysis.




Table 3 | Multivariate Cox regression analysis.





Batch survival analysis to identify low-grade glioma prognosis-related genes

Kaplan–Meier survival curves showed that OS was significantly worse in the group with a high expression of CD2, SPN, IL18, CLEC7A, PTPRC, TLR2, GZMA, CD163, and TLR7 (Figure 4, p < 0.05).




Figure 4 | Batch survival analysis identifying LGG prognosis-related genes.





Construction of nomogram prognostic model

A total of nine prognosis-related genes, age, sex, and race were used as variables, and univariate and multivariate Cox analyses showed that CD2, SPN, IL18, PTPRC, GZMA, and TLR7 were independent prognostic factors for LGG (Figures 5A, B, p < 0.05). The nomogram prediction model had good predictive power for 1-, 3-, and 5-year prognoses in LGG patients (Figures 5C, D).




Figure 5 | Construction of a nomogram prognostic model. (A) Univariate Cox regression model. (B) Multivariate Cox regression model. (C) Column-line plot for predicting survival time. (D) Calibration curve for predicting a 1-, 3-, and 5-year prognosis.





Expression validation of crucial genes

CD2, SPN, IL18, PTPRC, GZMA, and TLR7 genes were validated using an RT-qPCR assay. The results showed that the expression of CD2, SPN, IL18, PTPRC, GZMA, and TLR7 was upregulated in the tumor group compared with the normal group (Figure 6, p < 0.05).




Figure 6 | RT-qPCR assay used to verify the expression of crucial genes. Compared with the normal group. *p < 0.05; **p < 0.01; ***p < 0.001.






Discussion

LGG have become a focus of brain tumor research. Surgical resection is currently the main treatment modality for LGG, but because LGG frequently presents with infiltrative growth and is mostly found in functional areas of the brain, extended resection by surgery is greatly limited, and the LGG patients still do not have an ideal prognosis (9, 10). As a result, there is a need to construct effective prognostic prediction models for LGG. Immune infiltration plays a role in the development of LGG (11). Because LGG survive in a complex tumor microenvironment, it brings a serious challenge for clinical assessment and treatment of LGG.

Wu et al. constructed an immune risk score signature (IRSS) using the LASSO model, and the IRSS included six relevant immune genes that were good predictors of prognosis in LGG patients. Moreover, the immune infiltration results showed that the genetic profile correlated with innate immune cytopenia (12). Zhang et al. found that using LASSO and multivariate Cox regression analyses, they were able to obtain six immune genes that comprise a risk model and may be involved in the process of neoantigen presence and triggering immune responses (13). The present study differs from previous LGG-related literature in that we obtained crucial genes that may be associated with LGG prognosis based on ssGSEA and by constructing TCRS. In this study, ssGSEA was performed on 22 immune gene sets to calculate immune-based prognostic scores. The prognostic value of the 22 immune cells for predicting OS was assessed using LASSO and univariate and multivariate Cox analyses. Subsequently, we constructed a validated TCRS to identify immune subtypes and inflammatory immune features in LGG patients. Trl, CD4_naive, and B_cells were found to be related to OS in LGG patients by LASSO and by univariate and multifactorial Cox analyses. We divided the LGG patient sample into a high-risk–score and low-risk–score group according to the optimal cutoff value. Kaplan–Meier survival curves displayed that patients in the low-risk–score group had higher OS. The ROC curve showed that TCRS was able to identify the immune subtype of LGG and had a better predictive value for 1-, 3-, and 5-year OS. We then identified DEGs in the high-risk–score and low-risk–score groups and obtained 799 upregulated genes and 348 downregulated genes. KEGG and GO analyses showed that DEGs were enriched mainly in immune-related processes. We constructed a PPI network using Cytoscape and then identified the top 50 crucial genes. Subsequently, nine DEGs were found to be significantly related to OS based on univariate and multivariate Cox analyses. OS was significantly worse in the high-expression group of CD2, SPN, IL18, CLEC7A, PTPRC, TLR2, GZMA, CD163, and TLR7 compared to the low-expression group. This indicates that these nine crucial genes may be related to the process of immune cells affecting OS. Finally, we constructed a prognostic nomogram model that revealed CD2, SPN, IL18, PTPRC, GZMA, and TLR7 to be independent prognostic factors for LGG. Columnar plots and ROC curves were used to verify that the model was reasonably accurate in predicting the prognosis of LGG patients at 1, 3, and 5 years. In addition, this study used an RT-qPCR assay to verify the bioinformatics results, revealing that CD2, SPN, IL18, PTPRC, GZMA, and TLR7 were highly expressed in LGG.

CD2 is expressed on the surface of all peripheral blood T cells, more than 95% of human thymocytes, most NK cells, and some malignant B cells and may indirectly reflect the immune function of the body’s cells (14). Chen’s team found that CD2 was upregulated in breast cancer samples and that CD2 immunomodulation contributed to the mitigation of disease progression and could be used as an immunomodulatory agent in clinical treatment (15). SPN, alias CD43, encodes a glycoprotein that is expressed on the membrane surface of normal and tumorigenic T cells. SPN can regulate intercellular adhesion, intracellular signaling, cell proliferation, and apoptosis (16). Gao’s team found that miR-129-5p was beneficial in delaying the malignant progression of clear cell renal carcinoma by targeting the downregulation of SPN (17). IL18 is a proinflammatory cytokine with important functions, such as induction of angiogenesis and regulation of immune function, and is involved in the progress of many inflammatory diseases, immune disorders, and tumors (18). Park’s team speculated that IL18 contributes to the poor prognosis of triple-negative breast cancer patients by inducing immunosuppression of PD-1 expression on NK cells (19). PTPRC, alias CD45, is an antigen of leukocytes that is common on their surface. PTPRC acts as a key molecule of signal transduction on cell membranes and positively regulates T-cell antigen receptor signaling (20, 21). PTPRC can affect the processes of cell growth, differentiation, and mitosis, and it has been suggested that PTPRC may have a role in regulating the MAPK/ERK signaling pathway, with implications for cervical carcinogenesis and patient prognosis (22). GZMA is a serine protease that is mainly secreted by NK cells and cytotoxic T lymphocytes and delivered to bacterial or virally infected target cells (23). GZMA mediates apoptosis and cell scorching, induces the release of inflammatory factors, is involved in the body’s defense against pathogenic bacterial infections, and is associated with the development of certain autoimmune diseases (24). Santiago’s team showed that GZMA can be involved in tumor development and is a potential prognostic target for various cancers; this may be due to the ability of extracellular GZMA to promote the production of NF-κB-dependent IL6 in macrophages (25). TLR7 is an important pattern recognition receptor in natural immunity, playing a vital role in the body’s resistance to pathogenic infections and acting as a key line of defense for the immune system (26). Studies have shown that TLR7 can be used as a reliable marker of poor prognosis, which reveals the high expression of TLR7 in patients with non-small cell lung cancer, which is related to the inflammatory process of TLR7 signaling (27).

In summary, CD2, SPN, IL18, PTPRC, GZMA, and TLR7 were identified as independent prognostic factors for LGG, and these genes may be potential indicators of the regulation of the immune microenvironment. This may contribute to the clinical development of more effective therapeutic agents. To ensure the accuracy of the results, a larger sample is needed, and other datasets should be used for validation. In addition, the mechanisms of action of CD2, SPN, IL18, PTPRC, GZMA, and TLR7 in LGG require further exploration.
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