
Heliyon 10 (2024) e25716

Available online 8 February 2024
2405-8440/Â© 2024 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Research article 

SMG9 is a novel prognostic-related biomarker in glioma 
correlating with ferroptosis and immune infiltrates 

Yong Dai a,b,1, Huan Zhang a,b,1, Sujuan Feng a,b,1, Chao Guo a,b, Wenjie Tian a,b, 
Yimei Sun a,**, Yi Zhang a,* 

a Department of Neurosurgery, Affiliated Hospital 2 of Nantong University and First People’s Hospital of Nantong City, No. 666 Shengli Road, 
Nantong 226001, China 
b State Key Laboratory of Systems Medicine for Cancer, Shanghai Cancer Institute & Renji Hospital Affiliated to Shanghai Jiao Tong University 
School of Medicine, Shanghai 200025, China   

A R T I C L E  I N F O   

Keywords: 
CGGA 
TCGA 
SMG9 
Glioma 
Ferroptosis 

A B S T R A C T   

Background: Glioma is the most frequent type of malignancy that may damage the brain with high 
morbidity and mortality rates and patients’ prognoses are still dismal. Ferroptosis, a newly un-
covered mode of programmed cell death, may be triggered to destroy glioma cells. Nevertheless, 
the significance of ferroptosis-related genes (FRGs) in predicting prognosis in glioma individuals 
is still a mystery. 
Methods: The CGGA (The Chinese Glioma Atlas), GEO (Gene Expression Omnibus), and TCGA 
(The Cancer Genome Atlas) databases were all searched to obtain the glioma expression dataset. 
First, TCGA was searched to identify differentially expressed genes (DEGs). This was followed by 
a machine learning algorithm-based screening of the glioma’s most relevant genes. Additionally, 
these genes were subjected to Gene Ontology (GO) and KEGG (Kyoto Encyclopedia of Genes and 
Genomes) functional enrichment analyses. The chosen biological markers were then submitted to 
single-cell, immune function, and gene set enrichment analysis (GSEA). In addition, we performed 
functional enrichment and Mfuzz expression profile clustering on the most promising biological 
markers to delve deeper into their regulatory mechanisms and assess their clinical diagnostic 
capacities. 
Results: We identified 4444 DEGs via differential analysis and 564 FRGs from the FerrDb database. 
The two were subjected to intersection analysis, which led to the discovery of 143 overlapping 
genes. After that, glioma biological markers were identified in fourteen genes by the use of 
machine learning methods. In terms of its use for clinical diagnosis, SMG9 stands out as the most 
significant among these biomarkers. 
Conclusion: In light of these findings, the identification of SMG9 as a new biological marker has 
the potential to provide information on the mechanism of action and the effect of the immune 
milieu in glioma. The promise of SMG9 in glioma prognosis prediction warrants more study.  
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1. Introduction 

Glioma is the most prevailing type of cancer that affects the central nervous system (CNS) [1,2]. Recently, there have been many 
advances in the treatment of glioma, including surgical resections, chemoradiotherapy, gene therapy, and immunotherapy [3–6]. 
However, it is unfortunate that the prognosis for those who have been diagnosed with glioma is still not promising, with a median 
survival duration of only 9–15 months [7–9]. Thus, clarifying the molecular pathways that contribute to glioma advancement is 
essential, and novel approaches to treating gliomas are needed. 

Tumor metastasis and malignant transformation are influenced by cell death [10–13]. Stockwell et al. discovered ferroptosis as a 
new mode of regulated cell death (RCD) [14]. The physical, metabolic, and genetic features of ferroptosis set it apart from other cell 
death modes. Ferroptosis is typically characterized by aberrant mitochondria (small size and condensed membrane), iron-dependent 
deadly lipid peroxide buildup, and a number of altered gene expressions, including GPX4, FSP1, AIFM2, and others [15–17]. A variety 
of ferroptosis-targeted reagents, such as ferroptosis inhibitors (for example, liproxstatin-1 and ferrostatin-1), as well as 
ferroptosis-inducing substances, have been discovered (eg, RSL3, erastin) [18]. In gliomas, glioma cells have a higher demand for 
reactive oxygen species (ROS) and iron metabolism than normal glial cells, rendering them more susceptible to ferroptosis [19]. 
Previous research has found that ferroptosis promotes the peroxidation of polyunsaturated fatty acids in membrane phospholipids by 
regulating the ACSL4 gene, leading to damage to the cell membrane and cell death [20,21]. Moreover, alterations in the expression of 
iron metabolism-related genes in glioma cells (DMT1, COPZ1, STEAP, etc.) can increase the iron content within these cells, thereby 
inducing ferroptosis [22–24]. The above studies demonstrate the immense potential of ferroptosis in the treatment of gliomas. 

SMG9, a 520-amino acid protein with centrally located nucleotide triphosphatase domains, enhances GPX4 disintegration during 
ferroptosis in response to RSL3, a GPX4 inhibitor [25]. Elevated SMG9 expression levels have been correlated with poor prognosis in 
hepatocellular carcinoma (HCC), suggesting its potential as a treatment target [26]. However, its utility as a biomarker for glioma and 
its involvement in gliomas remain unclear. In this study, we utilized data from CGGA, TCGA, GTEX, and GEO databases to identify 
fourteen ferroptosis-associated biomarkers in glioma patients using machine learning techniques. SMG9, among the potential bio-
markers, was selected for further investigation. The infiltration status of immune cells and its association with SMG9 in gliomas were 
examined using ssGSEA analysis. Additionally, expression pattern clustering and functional analysis of SMG9 were performed using 
Mfuzz. This research contributes to our understanding of the roles and processes of SMG9 in glioma. 

2. Materials & methods 

2.1. Data sources 

The UCSC Xena Browser (https://xena.ucsc.edu/) was searched to retrieve RNA-Seq data from the TCGA database for 698 glioma 
samples and the GTEx database for 1157 samples of normal brain tissue. Additionally, the clinical data along with the mRNA-seq 
results of 1018 glioma samples were obtained from CGGA (http://cgga.org.cn/) [27]. Overall, this research included data from 749 
samples with complete clinical records. Moreover, the GEO database (https://www.ncbi.nlm.nih.gov/geo/) was also searched for 
single-cell RNA-seq data from patients with glioma (accession number GSE202096). Meanwhile, 564 FRGs—including suppressors, 
drivers, unclassified, and markers—were extracted from the FerrDb database (http://zhounan.org/ferrdb) [28]. All procedures were 
accomplished with the aid of the Strawberry Perl (v. 5.32.1) and R (v. 4.2.2) programs. 

2.2. Discovery of ferroptosis-related genes with differential expression 

With the aid of the "limma" R package, the batch effect between the TCGA and GTEx was eliminated. After that, the "limma" 
package was also employed to search for DEGs between normal brain samples and glioma samples from the TCGA and GTEx datasets as 
per the following screening criteria: |log 2 fold-change (FC)| >1 and P < 0.05. Afterward, the DEGs associated with ferroptosis were 
found by taking the DEG list and the FRGs list and intersecting them to determine the overlapping genes. Furthermore, to investigate 
the protein-protein interaction (PPI) network of FRGs, we utilized the STRING database. The central genes were identified using the 
Maximal Clique Centrality (MCC) algorithms, which are part of the cytoHubba plug-in in Cytoscape (v3.7.2). We highlighted the most 
significant 20 genes as these core genes. 

2.3. Glioma biomarker detection using machine learning methods 

In this particular investigation, we made use of two different machine-learning techniques. To begin, the "randomForest" program 
was adopted to conduct the random forest analysis, after which only the most significant genes were selected. Following that, the 
LASSO regression analysis was done with the help of the "glmnet" package. The genes that were found to be present in both sets of 
results were regarded as candidates for use as biological markers in patients diagnosed with glioma. 

2.4. Correlation and immune infiltration analyses of candidate biomarkers 

The "corrplot" and "PerformanceAnalytics" packages were utilized to examine the correlation between possible biomarkers 
expression. The ssGSEA and CIBERSORT methods were applied to examine the degree to which TIICs (tumor-infiltrating immune cells) 
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are associated with gene expression patterns in tumor tissues. The ssGSEA method was employed to determine the relative infiltrating 
rates of the TCGA dataset’s 24 different types of immune cells. The estimated Spearman correlations of the infiltration levels of 24 
different immune cells with hub genes were displayed utilizing the ggplot 2 program. The CIBERSORT approach adopts a vector 
regression model in the process of cell type formation. As a result of its reliability, CIBERSORT might be applied to assess the impact of 
cell heterogeneity on the expression patterns of genes in complex tissues. After being used on the LM22-signed matrix, the algorism was 
further used to import the standard annotations of the gene expression data to the CIBERSORT platform. The acquired data were 
analyzed for associations of gene expression with the infiltration of immune cells. 

2.5. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of potential biomarkers 

With the aid of the "clusterProfiler" program, we conducted GO and KEGG enrichment analyses on candidate biological markers, 
with a P-value of <0.05 serving as a scanning criterion for functional analysis. We next performed GO analysis to determine the specific 
cellular components (CCs), molecular functions (MFs), and biological processes (BPs) associated with the hub genes. Additionally, a 
KEGG enrichment analysis was done to determine the signaling pathways that were enriched by the candidate targets. 

2.6. Gene set enrichment analysis (GSEA) 

GSEA was used to investigate and clarify the reasons for observed fluctuations in the levels of candidate biomarkers in their co-
ordinate pathways. Firstly, we obtained the GSEA program by downloading it from http://software. http://broadinstitute.org/gsea/ 
index.jsp. Next, the c5.all.v7.2.symbols.gmt [Gene ontology] obtained from the Molecular Signatures Database (https://www.gsea- 
msigdb.org/) were employed as reference datasets. Finally, GSEA analysis and visualization were accomplished using "clusterPro-
filer" and "ggpolt2″ packages. The specified threshold value (P.adj <0.05) was used to determine the significance of enrichment in 
GSEA. 

2.7. Single-cell analysis 

The GEO database was searched to acquire the GSE202096 expression matrices. The "Seurat" program was used to conduct quality 
assurance and dimensionality reduction. In the first round of quality control, we generated Seurat objects for each of the glioma groups 
and then eliminated the cells expressing less than 200 genes. Genes expressing less than three cells were also excluded from the 
analysis. After that, normalization of gene expression patterns was done in the remaining cells, and the vst approach was used to 
identify 2000 high-variability genes within each sample. Following the scalarization of all genes, we conducted principal component 
analysis (PCA). Unsupervised clustering (resolution = 0.8) was used to cluster the cells, and the 20 leading principal components were 
then used to create a visual representation of the data in UMAP. The "singleR" package was utilized to annotate various cell types. The 
irGSEA was employed to undertake the merging of all of the single-cell rank-based GSEAs with the AVPs, and the UCell computation 
technique was used for the enrichment scoring approach. 

2.8. Clustering of Mfuzz expression patterns and functional evaluation of optimum diagnostic markers 

To determine which genes would provide the optimum diagnostic biological markers, we clustered Mfuzz expression profiles 
utilizing the "Mfuzz" package. Then, we computed the ssGSEA scores of several clustering modules, along with those of the glioma, and 
compared these scores to the expression characteristics with the normal group. After that, we determined the degree of correlation that 
existed between the clustering module and the biomarker, and afterward, we identified the gene module that was most strongly linked 
to the biomarker. After collecting gene modules, we conducted GO, KEGG, and GSEA to study and understand more about the gene 
functions of these modules. 

2.9. Statistical analysis 

R software was employed to conduct all analyses of statistical data. The "survminer" R program was used to produce Kaplan–Meier 
(KM) curves, and log-rank tests were implemented to derive P-values. To assess the factors associated with the overall survival (OS) of 
glioma patients, we conducted a univariate Cox regression analysis. To evaluate the predictive performance of SMG9, we generated a 
receiver operating characteristic (ROC) curve and computed the area under the curve (AUC). 

2.10. Cell culture and transient transfection 

The human glioma cell lines T98G, U87, and U251 as well as the normal human astrocytes HA were provided by Beijing Bena 
Biotechnology Institute and grown in F12 and DMEM containing 10% fetal bovine serum. Both cell lines were maintained in a humid 
incubator at 37 ◦C and 5% CO2. The negative control (NC) and SMG9 siRNA were transfected into the cells utilizing Lipofectamine 
2000 (Invitrogen, USA). The target sequences for SMG9 siRNA were CTCCATCTTGACCTCCTTTTTCA (SMG9-si). 
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2.11. Western-Blot 

RIPA buffer (Beyotime, China) was used to lyse the HA, T98G, U87, and U251 cell lines. The samples were then denatured at 100 ◦C 
for 15 min. Following a 10% SDS-PAGE separation, the protein samples were transferred to polyvinylidene fluoride (PVDF) mem-
branes. After blocking with 5% BSA solution for an hour, primary antibodies, anti-SMG9 antibody (1:500, Proteintech, 24797-1-AP), 
anti-Nrf2 antibody (1:500, Proteintech, 80593-1-RR), anti-GPX4 antibody (1:500, Proteintech, 67763-1-Ig‵), anti-STAT1 antibody 
(1:500, Proteintech, 10144-2-AP), anti-P-STAT1 antibody (1:500, Proteintech, 28977-1-AP) and anti-GAPDH antibody (1:1000, 
Proteintech, 60004-1-Ig) were incubated on the membranes overnight. Then, secondary antibodies were applied for an additional 2 h 
at room temperature. 

2.12. Quantitative RT-PCR 

U87 and U251 cell lines total RNA was extracted using the TRIzol reagent (ThermoFisher, USA). Then, using the RNA from each 
sample, a quantitative reverse transcription-polymerase chain reaction was performed using SYBR Green Master (Roche, USA) and the 
Roche LightCycler 480 PCR System (2 μg). In a 20 μl reaction volume, the cDNA was utilized as a template along with 10 μl of PCR 
mixture, 0.5 μl of forward and reverse primers, 2 μl of cDNA template, and the necessary amount of water. PCR reactions were per-
formed as follows: cycling conditions started with an initial DNA denaturation step at 95 ◦C for 30 s, followed by 45 cycles at 94 ◦C for 
15 s, at 56 ◦C for 30 s, and at 72 ◦C for 20 s. Threshold cycle (CT) readings were collected and normalized to glyceraldehyde 3-phos-
phate dehydrogenase (GAPDH) levels in all samples using the 2− ΔΔCT method. The sequences of primer pairs for the target genes are 
shown below.  

Gene Forward primer sequence(5-3) Reverse primer sequence(5-3) 

SMG9 TCGGGAGAGGGACTACATTG GTGGCTGTTTTGACCGCTC 
IL-1β AGCTACGAATCTCCGACCAC CGTTATCCCATGTGTCGAAGAA 
IL-6 ACTCACCTCTTCAGAACGAATTG CCATCTTTGGAAGGTTCAGGTTG 
IL-4 CGGCAACTTTGTCCACGGA TCTGTTACGGTCAACTCGGTG 
IL-10 TCAAGGCGCATGTGAACTCC GATGTCAAACTCACTCATGGCT 
CDH1 GCCTCCTGAAAAGAGAGTGGAAG TGGCAGTGTCTCTCCAAATCCG 
CDH2 CCTCCAGAGTTTACTGCCATGAC GTAGGATCTCCGCCACTGATTC 
VIM AGGCAAAGCAGGAGTCCACTGA ATCTGGCGTTCCAGGGACTCAT 
GAPDH AATGGGCAGCCGTTAGGAAA GCCCAATACGACCAAATCAGAG  

2.13. Cell viability 

According to the manufacturer instructions, cell viability was determined using the Cell Counting Kit-8 test (Beyotime, China). In 
96-well plates, cells from various treatments were grown at a density of 1 × 103 cells per well. The CCK-8 solution was used at the 
specified time intervals. Utilizing a microplate reader, the O.D 450 values of each well were determined during a 2-h incubation at 
37 ◦C. (Thermo Fisher, USA). 

2.14. Immunofluorescence detection 

Cells were fixed with 4% paraformaldehyde at room temperature for 30 min and then treated with 0.4% Triton X-100 for 10 min 
and blocked with 2% bovine serum albumin for 30 min. The samples were cleaned with PBS, then treated with primary anti-E-cadherin 
antibodies (1:100, Proteintech, 20874-1-AP), anti-N-cadherin antibodies (1:100, Proteintech, 22018-1-AP) and anti-vimentin anti-
bodies (1:100, Proteintech, 10366-1-AP), overnight at 4 ◦C. After that, they were exposed for an hour to the appropriate protein 
secondary antibodies. After three PBS washes and DAPI staining for 10 min, the slides were put under a fluorescence microscope. 

2.15. Transwell assay 

Transwell assays for invasion of U87 and U251 cell lines were performed. To test for migration and invasion, cells (5 × 104) were 
implanted into chambers covered with Matrigel (BD Biosciences, CA). In the upper layer, serum-free medium was supplied, and in the 
lower layer, full DMEM medium. Migrating or invading cells were fixed with 4% paraformaldehyde and stained with 0.1% crystalline 
violet following a 24-h incubation period. counting while using a flashlight. 

2.16. Calcein AM/PI cytotoxicity assay 

U87 and U251 cell lines were inoculated on cell crawls and washed with PBS. The Calcein AM/PI assay solution was added in an 
appropriate volume and incubated at 37 ◦C for 2 h. After incubation, the staining effect was observed under a fluorescent microscope 
protected from light. 
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2.17. Flow cytometry 

In accordance with the manufacturer instructions, flow cytometry was used to examine the distribution of cell apoptosis. For cell 
apoptosis detection, cells were harvested with trypsin, followed by resuspending in PBS at the concentration of 1 × 105/200 μL. Cells 
were then stained for 30 min on ice with Annexin V-FITC and PI solution while being shielded from light. Samples were identified using 
a BD FACS Calibur flow cytometer (BD, USA) after being washed with PBS. 

2.18. Measurement of intracellular ROS levels 

With the aid of a Reactive Oxygen Species Assay Kit (Beyotime, China), the intracellular ROS levels were assessed. Briefly, after 
receiving various treatments, the cell pellets were collected and then resuspended in 1 ml of chilled PBS. DCFH-DA probe solution was 
treated with cells at 37 ◦C for 30 min in the dark. Every 5 min, the tube was turned over to mix the cells and solution. Using a BD FACS 

Fig. 1. The TCGA and GTEx database was searched for DEGs associated with ferroptosis. (A) Expression characteristics of DEGs, as shown by a 
volcano plot. (B) Expression of the top 35 DEGs in the dataset presented as a heat map. (C) A Venn diagram showing the overlap between DEGs 
and FRGs. 
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Fig. 2. (A) The Venn diagram of the potential biomarkers. (B) Correlation analysis between potential biomarkers. (C) The link between possible 
biomarkers and immune cell infiltration. (D) Univariate Cox regression analysis of 14 potential biomarkers associated with clinical prognosis in 
glioma. (E) Extensive investigation of 14 potential biomarkers using GO enrichment analysis. (F) Fourteen potential biomarkers were investigated 
by KEGG enrichment analysis. 
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Fig. 3. Processing of scRNA-seq data. (A) Quality control of scRNA-seq data of glioma cell samples. (B) There was a favorable correlation between 
sequencing depth and the total number of identified genes. (C) Scatter diagrams illustrating the 2000 most significant DEGs (D, E) Cells were 
classified using principal component analysis, and the 20 leading PCs are presented. (F) clustertree was used to select the appropriate resolution. (G) 
Clustering analysis and visualization of glioma single-cell transcriptomic data using UMAP. The overall identification of each cell cluster is depicted 
on the right and is denoted by the color assigned to each cluster. (H) Fourteen potential biomarkers are shown in a density scatterplot as a set 
of genes. 
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Calibur flow cytometer (BD, USA), samples were cleaned three times with serum-free media before being measured at 488 nm 
excitation and 525 nm emission. 

3. Results 

3.1. Discovery of differentially expressed genes in glioma patients 

From TCGA and GTEX databases, 4444 DEGs were acquired in the glioma patients; of these DEGs, 2216 were upregulated, whereas 
2228 were downregulated (Fig. 1A–B). Fig. 1B displays the 35 leading DEGs with significant differences in terms of expression between 
glioma and normal controls. After intersecting the DEGs and the FRGs, 143 FRGs were found to be differentially expressed (Fig. 1C). 

Fig. 4. (A) In TCGA, SMG9 expression considerably varies between GBM and LGG. SMG9 expression in CGGA (B) WHO grades. (C) IDH status- 
stratified distribution. (D) 1p/19q-codeletion status distribution. SMG9 expression in glioma patients, as shown by the Kaplan-Meier survival 
plot (E) Dataset ID: mRNAseq_325-Primary Glioma (F) Dataset ID: mRNAseq_325-recurrent Glioma. (G) Clinical and pathological factors, including 
SMG9 expression, obtained from the CGGA dataset (H) Survival rates for 1-, 3-, and 5- year periods as depicted by time-depending receiver 
operating characteristic (ROC) curves. 
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Furthermore, the hub gene of FRGs was identified (Fig. S1) 

3.2. Ferroptosis-related biomarkers screening in patients with glioma by machine learning methods 

In this work, we applied machine learning methods to delve further into the possible biological markers in 143 primary targets for 
ferroptosis-related glioma. The findings of the random forest were used to select the 100 leading genes as possible biological markers 
(Figs. S2A and B). Moreover, glioma patients’ prognoses were integrated to develop the LASSO regression model. The λ analysis 
revealed that the model provided reliable prognostic predictions when λ = 22. Accordingly, 22 candidate genes were found using 
LASSO analysis (Figs. S2C and D). Lastly, the findings derived from the two algorithms were integrated and yielded EGLN2, PGD, 
KIF20A, MAPK9, RRM2, TXNIP, NCOA4, CBS, JUN, ZEB1, NRAS, SMG9, TGFBR1 and KDM4A as ferroptosis-related glioma potential 
biomarkers (Fig. 2A). 

3.3. Correlation between candidate biological markers and immune cell infiltration analyses 

The initial results of the correlation study demonstrated a remarkably positive relationship between SMG9 and the expression of 
EGLN2 in glioma patients. The expression patterns of MAPK9, TXNIP, and NCOA4 all correlated negatively with SMG9 (Fig. 2B). 
Subsequently, we performed CIBERSORT immune infiltration analyses of the fourteen potential biomarkers. The relationship between 
candidate biological markers and 22 kinds of immune cells is shown in the heatmap (Fig. 2C). Meanwhile, the univariate Cox analysis 
of fourteen potential biomarkers showed that 9 genes were risk factors with HR > 1 for glioma prognosis (Fig. 2D). 

3.4. Pathway enrichment analysis of potential biomarkers 

We conducted a pathway enrichment analysis to delve deeper into the biological roles of the candidate biomarkers. The findings of 
the GO enrichment analysis illustrated that the majority of the candidate biological markers were associated with the processes of 
apoptosis, choline metabolism in cancer, and the GnRH signaling pathway (Fig. 2E). As per the outcomes of the KEGG enrichment 
analysis, prospective biomarkers were mostly linked to the transforming growth factor beta (TGF-β) receptor signaling pathway, the 

Fig. 5. (A) The association of SMG9 with immune cell infiltration in glioma. (B) GSEA analysis of SMG9. (C) Relative TIIC ratios calculated by the 
ssGSEA technique with data from the TCGA. 
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response to reactive oxygen species, and the iron ion binding pathway (Fig. 2F). 

3.5. Single-cell level transcriptomic landscape of potential biomarkers 

Quality assurance identified 22,414 genes within 2341 cells. Vlnplots were used to present information on the number of genes 
(nFeature), the proportion of ribosomal genes (percent.rb), the proportion of mitochondrial genes (percent.mt), and the sequence 
count per cell (nCount) (Fig. 3A). As per the findings of the correlation analysis, nCount had a positive link to nFeature (Fig. 3B). After 
that, a scatter diagram was constructed using the data from 2000 variable genes (Fig. 3C). It was found that there was a significant level 
of heterogeneity in the glioma cells, as shown by the discovery of thirty principal components (PCs) (Fig. 3D–E). Meanwhile, clus-
tertree was used to select the appropriate resolution (Fig. 3F). The UMAP analyses were conducted on the top-ranked twenty PCs in the 
matrix. Glioma cells, as determined by UMAP and cell-type annotation, were grouped into three distinct categories: Astrocyte, 
Macrophage, and Monocyte (Fig. 3G). Fig. S3 depicts the expression patterns of fourteen potential biomarkers in the glioma cell 
populations Furthermore, single-cell GSEA (scGSEA) demonstrated that astrocytes and macrophages had a higher enrichment score 
than other cell types (Fig. 3H). 

3.6. The association of SMG9 expression with WHO grade and IDH1 phenotype in glioma 

The role of SMG9 in glioma has not been previously reported. We selected SMG9 from 14 potential biomarkers for a follow-up 
study. The SMG9 expression level was elevated in both LGG (num (N) = 1152, num (T) = 529) and GBM (num (N) = 1157, num 
(T) = 169). In particular, SMG9 was expressed at a high level in malignant tissues (Fig. 4A). Moreover, the CGGA datasets were 
examined for links between SMG9 expression and WHO grade and IDH1 status. Consequently, severe malignancy in gliomas was 

Fig. 6. (A) The tumor (T) and normal (N) groups were compared by their ssGSEA scores of clustering modules and expression features. (B) Link 
between the clustering module and SMG9. (C) Functional enrichment analysis of the genes in the Cluster25 module based on GO terms. (D, E) The 
KEGG functional enrichment results of Cluster25 module genes. (F) The GSEA analysis results of Cluster25 module genes. 
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associated with enhanced SMG9 expression (Fig. 4B). Finally, the IDH-wildtype group had remarkably elevated SMG9 levels in 
contrast with the IDH-mutant group (Fig. 4C). We found a considerable enhancement in SMG9 expression in the 1p/19q-non-codele-
tion (non-codel) group in contrast with the 1p/19q-codeletion (codel) group (Fig. 4D), as determined via the ANOVA test. These results 
demonstrated that SMG9 was highly expressed in the IDH-wildtype and 1p19q-non-codeletion groups. 

3.7. Independent predictive value of SMG9 in patients with glioma 

SMG9 overexpression was an indicator of a more adverse OS in primary and recurrent glioma, as per the survival analysis that was 
performed based on the CGGA databases (Fig. 4E–F). In addition, to evaluate the utility or practicality of SMG9 expression, we 
conducted a univariate Cox analysis. The findings discovered various factors including SMG9 expression (P < 0.001), 1p19qcodeletion 

Fig. 7. (A–B) Protein expression of SMG9 in human astrocytes HA and glioma cell lines T98G, U87 and U251 and its quantitative analysis. (C) 
Expression of SMG9 mRNA in human astrocytes HA and glioma cell lines T98G, U87 and U251 and its quantitative analysis. (D–E) The infection 
efficiency of si SMG9 and the results of CCK8 after inhibition of SMG9 were examined in U87 cell line. (F–G) The infection efficiency of si SMG9 and 
the results of CCK8 after inhibition of SMG9 were examined in U251 cell line. (H) Representative immunofluorescence results of E-CAD, N-CAD and 
vimentin after inhibition of SMG9 in U87 and U251 cell lines. (I–N) Quantitative analysis of the mean fluorescence intensity against E-CAD, N-CAD 
and vimentin. N = 3, *≤0.05, **≤0.01，***≤0.001，****≤0.0001. The results are presented as mean ± S.E.M. 
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(P < 0.001), IDH mutation (P < 0.001), chemotherapy (P < 0.001), grade (WHO grade) (P < 0.001), and histology (P < 0.05) (Fig. 4G). 
The ROC analysis showed that the AUC values of SMG9 in predicting 1-, 3-, and 5-year survival were 0.614, 0.646, and 0.691, 
correspondingly (Fig. 4H). 

3.8. Immune infiltration analyses and GSEA of SMG9 

In this study, we analyzed the association of TIICs with SMG9 expression profiles in glioma. Our data confirmed that SMG9 
expression was positively linked to many different types of immune cells, including NK cells, Th2 cells, Macrophages, Eosinophils, 
Neutrophils, aDC, and T cells (Fig. 5A). The 703 TCGA samples were classified into low- and high- SMG9 expression categories to 
confirm the association of TIICs in glioma with SMG9. It was found that the high-risk category had a relatively low level of immune cell 
infiltration (Mast cells, DC cells, B cells, TReg, TFH, Tcm, and Th1 cells) in contrast with the low-risk category. Moreover, the infil-
tration levels of Neutrophils cells, NK cells, Macrophages, Eosinophils, and Th2 cells were remarkably elevated in the high-risk 

Fig. 8. (A–C) Representative migration as well as invasive ability of U87 cell line after inhibition of SMG9 and quantification of cell numbers. (D–F) 
Representative migration as well as invasive ability of U251 cell line after inhibition of SMG9 and quantification of cell numbers. (G–I) Repre-
sentative live-dead cell staining results of U87 and U251 cell lines after SMG9 inhibition and quantitative analysis. (J–M) Representative apoptosis 
results of U87 and U251 cell lines after SMG9 inhibition and quantitative analysis. N = 3, *≤0.05, **≤0.01，***≤0.001，****≤0.0001. The results 
are presented as mean ± S.E.M. 
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category relative to the low-risk category (Fig. 5C). To investigate the possible biological function of SMG9, we conducted a GSEA. We 
found that the expression of SMG9 was highly associated with twelve different gene pathways. In addition, SMG9 had a remarkable 
link to gene pathways that were related to damage (Fig. 5B). 

3.9. Clustering of Mfuzz expression pattern and functional analysis of SMG9 

We acquired a total of thirty different clustering findings after clustering the Mfuzz expression pattern into clusters according to the 
level of SMG9 expression (Fig. S4). These findings, together with the expression features and the clustering module’s ssGSEA score, led 
to the discovery of clustering between the glioma samples and the normal controls (Fig. 6A). We also discovered a link between SMG9 
and the class modules (Fig. 6B). Enrichment analysis of genes in the Cluster25 module revealed that they are involved in the mod-
ulation of DNA damage response, RNA biological process, glutathione metabolism, and blood-brain barrier, in the SMG9 enrichment 
functions. In addition, we also discovered glycolysis and ribosome correlative signaling pathways, and this may aid in understanding 
SMG9-related possible mechanisms (Fig. 6C–F). 

3.10. SMG9 promotes the development of glioma 

To verify the reliability of the bioinformatics results, we examined the expression of SMG9 in human astrocytes HA as well as 
glioma cell lines T98G, U87 and U251 by WB and PCR experiments. It could be observed that the expression of SMG9 was significantly 
higher in U87 and U251 cell lines than in HA. To clarify the role played by SMG9 in the development of glioma (Fig. 7A–C). We 

Fig. 9. (A–D) Representative ROS staining results of U87 and U251 cell lines after inhibition of SMG9 and quantification of the mean fluorescence 
intensity of ROS. (E) Schematic diagram of glioma cell lines co-cultured with microglia. (F–I) Expression of IL1β, IL6, IL4 and IL10 mRNA in 
microglia. (J) Representative WB results of Nrf2, GPX4 and phosphorylated STAT1 in glioma cell lines after inhibition of SMG9 and quantitative 
analysis. N = 3, *≤0.05, **≤0.01，***≤0.001，****≤0.0001. The results are presented as mean ± S.E.M. 
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constructed two small interfering RNAs against SMG9 and transferred them into U87 and U251 cell lines. The results of PCR showed 
that the interference effect of si SMG9-2 was better than that of si SMG9-1. After inhibiting SMG9 expression in U87 and U251, we 
examined the cell viability of U87 and U251 by CCK8. The results showed that the activity of glioma cell lines was significantly reduced 
after inhibition of SMG9 (Fig. 7D–G). Epithelial mesenchymal transition (EMT) plays an important role in the development of glioma. 
Inhibition of SMG9 resulted in decreased expression of N-CAD and vimentin and increased expression of epithelial maker-E-CAD in 
U87 and U251 cell lines (Fig. 7H–N, Fig. S5). Meanwhile, inhibition of SMG9 expression in U87 and U251 cell lines resulted in 
decreased migration as well as invasive ability of cells (Fig. 8A–I) and increased apoptosis (Fig. 8J–M). 

3.11. SMG9 causes immunosuppression of glioma 

ROS expression was increased in U87 and U251 cell lines after inhibition of SMG9 (Fig. 9A–D). The functional status of microglia, as 
important cells performing phagocytic and antigen-presenting functions in the central nervous system, is crucial for the treatment of 
gliomas. By transwell in vitro co-culture system, we co-cultured glioma cell lines and glioma cell lines that inhibit SMG9 expression 
with microglia. We found that inhibition of SMG9 expression in glioma cell lines resulted in increased expression of IL1β and IL6 in 
microglia, while IL4 and IL10 expression decreased (Fig. 9E–I). We also examined the expression of Nrf2, GPX4 and STAT1 in glioma 
cell lines after SMG9 inhibition. the expression of Nrf2 and GPX4 decreased after SMG9 inhibition while the expression of phos-
phorylated STAT1 increased (Fig. 9J). 

4. Discussion 

According to statistics, 12–15% of all intracranial tumors are glioblastoma multiforme (GBM), a primary neuroepithelial malignant 
neoplasm of the CNS [29–31]. There are around three individuals diagnosed with GBM for every 1000 persons, and the conventional 
duration a patient survives after being diagnosed with the disease is only about 12–18 months. The five-year survival rate is around 
5.5%, whereas the ten-year survival rate is around 2.9% [32,33]. The lack of effective treatment targets may contribute to the dismal 
prognosis and short life expectancy of individuals with GBM. As a result, the identification of novel therapeutic targets is of the tmost 
importance. 

In this research, we used machine learning techniques to select 14 possible ferroptosis-related biomarkers as candidates for further 
analyses. Additionally, their immune cell infiltration, clinical correlation, probable action mechanism, and expression in single cells 
were investigated and analyzed. The role of SMG9 in glioma has not been reported. We selected SMG9 from 14 potential biomarkers for 
a follow-up study. This work demonstrated the significance of SMG9 in the etiology of glioma, uncovered a novel prospective treat-
ment target for glioma, and identified a marker of patient prognosis. Patients who were diagnosed with glioma had a poor chance of 
surviving the disease and an elevated level of SMG9. In addition, the correlations of SMG9 expression with IDH1 statuses were probed 
for this research. As indicated by the World Health Organization (WHO), IDH1 phenotypes are a unique diagnostic approach that is 
used in clinical settings [34–36]. Additionally, the status of an individual’s IDH1 mutation is used in adults to categorize diffuse 
gliomas. The degree to which SMG9 is expressed in gliomas is linked to whether or not they have the IDH1 phenotype. Also, we 
conducted COX and ROC analyses to emphasize the importance of SMG9, and we discovered that SMG9 is a molecular marker that may 
be used to predict glioma patients’ prognoses. 

SMG9 is a participant in the nonsense-mediated decay (NMD) pathway, which binds directly to SMG1 and SMG8 to generate a 
complex composed of SMG1, SMG8, and SMG9 that is very stable [37,38]. SMG9 is an indispensable constituent of the NMD, hence it 
assumes an instrumental function in the NMD pathway. Evidence is mounting indicating the NMD pathway is engaged in a wide 
variety of biological activities, some of which include the immunological response and stress response [39,40]. The NMD may be 
disrupted, which can result in intellectual impairment as well as malignancy. Notably, The relationship between NMD and cancer is a 
complex one [41]. Interestingly, tumors exploit NMD to downregulate the expression of critical tumor-suppressor genes, while 
simultaneously modifying NMD activities to suit their microenvironment [42,43]. In a study by Jin et al., SMG9 was shown to be 
overexpressed in HCC tissues, and this was correlated with a worse prognosis for patients. SMG9 remarkably enhanced HCC cell line 
functioning, such as proliferation, cell cycle progression, apoptotic resistance, invasion, and migration. The epithelial–mesenchymal 
transition (EMT) and the Wnt/-catenin signaling pathway may be important in driving these processes [26]. In the previous study, 
SMG9, an element of the NMD mechanism, was shown to be a selective trigger for ferroptosis in human cancer cells. Aside from its role 
in NMD, SMG9 also favorably modulates ferroptosis. Also, in response to the GPX4 inhibitor but not the SLC7A11 inhibitor, SMG9 acts 
as a direct binding protein of GPX4 to induce its disintegration. GPX4 accumulates in the mitochondria after genetic suppression of 
SMG9, protecting them from oxidative stress, and promoting resistance to ferroptosis in the long run, either in xenograft mice models 
or in vitro. The results of this research suggest that SMG9 could be involved in other biological processes besides NMD [25]. Based on 
our findings and previous research on SMG9, it is reasonable to hypothesize that SMG9 participates in the progression of physiological 
and pathological pathways associated with glioma although the link between SMG9 and glioma is not yet fully understood. 

The GSEA was conducted to analyze the candidate biological functions that SMG9 plays in glioma. As per the results of the GSEA, 
there were significant variations in the enrichment of pathways between samples containing low and high levels of SMG9. Specifically, 
GESA demonstrated enrichment of oxidation-associated and DNA damage repair gene sets, such as positive modulation of the oxidative 
stress response, positive modulation of the intrinsic apoptotic signaling pathway in response to DNA damage, and mitochondrial DNA 
repair. In addition, the probable role of SMG9 was investigated with the use of Mfuzz algorithms. Similar to the SMG9 enrichment 
function, the functional enrichment findings of Cluster25 module genes demonstrated that these genes are engaged in modulating the 
DNA damage repair response, RNA biological process, and the functioning of the blood-brain barrier (BBB). Notably, glioma 
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progression is linked to both DNA damage repair and BBB function. Based on these findings, SMG9 may play a role in glioma 
development. Our data suggest that SMG9 upregulation is associated with a dismal prognosis. We thus predict that SMG9 over-
expression may assume an essential regulatory role in these carcinogenic pathways, leading to worse prognoses in glioma individuals. 

Ferroptosis and immunity interplay, with ferroptosis impacting the tumor immune infiltration. We explored how SMG9 expression 
is associated with immune cell infiltration into gliomas. As per the findings of the ssGSEA, the SMG9 expression was shown to have a 
strong inverse relationship with the infiltration levels of DC cells, B cells, Mast cells, TReg, TFH, Tcm, and Th1 cells. DCs are robust 
antigen-presenting cells, and they perform fundamental functions in the modulation of T-cell immunity. Notably, DCs are becoming 
more popular in vaccination protocols because they enhance the immunogenicity of certain antigens in patients. Tumor-specific 
cytotoxic T cells and NK cell immunity may be stimulated by DCs. Because of their ability to stimulate T cells, DCs play a crucial 
part in the onset and progression of gliomas [44,45]. Mast cells are specialized cells of the immune system that secrete a broad variety 
of biologically active substances that may stimulate, dampen, or otherwise modulate immunity [46–48]. As a result, we hypothesized 
that SMG9 could affect tumor immunity. 

Finally, by revealing their potential importance to the immune response to tumors, we found new FRGs with therapeutic use for 
glioma. Additionally, this is the first study demonstrating the involvement of SMG9 in glioma. Glioma individuals have an increased 
level of SMG9, which is also correlated with tumor grade. Moreover, upregulation of SMG9 in glioma is associated with a poor 
prognosis and attenuated immune cell infiltration. There were, however, certain limitations to the research. For example, neither in 
vitro nor in vivo testing was performed. Accordingly, further study is warranted to confirm SMG9’s potential as a predictive biomarker 
in glioma. 
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