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1. Introduction
Gliomas are a large group of brain and spinal cord tu-

mors that originate from glial cells. 
These brain tumors usually occur in people between 

the ages of four and sixty, although some types are more 
common in children. Men are slightly more likely to deve-
lop brain tumors [1,2].

History of radiation exposure is a risk factor for ma-
lignant glioma. Certain genetic disorders also increase 
the risk of these tumors in children, but they are rare in 
adults. Several lifestyle risk factors have been studied in 
association with malignant glioma, including smoking or 
cell phone use. The symptoms, prognosis, and treatment 
of malignant gliomas depend on the age of the patient, the 
exact type of tumor, and the location of the tumor in the 
brain. These tumors grow and invade normal brain tissue, 
making surgical removal very difficult and sometimes 
impossible and complicating treatment. Therefore, it is 
important to find a neurosurgeon with expertise in surgical 
diagnosis and treatment [1-3].

Despite thorough examination of glioma, the current 

therapies for this highly prevalent cancer of the brain and 
spinal cord are still insufficient. For the purpose of enhan-
cing patient outcomes, it is imperative to determine bio-
markers and therapeutic targets for glioma [1].

With the progress of high-throughput sequencing 
methods, the significance of bioinformatic analysis has 
grown in the quest for glioma oncogenes [2]. Several bio-
markers have been discovered that can be utilized for fore-
casting the prognosis of cancer, providing an understan-
ding of the molecular foundation of glioma and possible 
novel targets for therapy [3]. Numerous investigations 
have concentrated on the prognostic indicators of indivi-
dual gene expression levels; nevertheless, these findings 
might lack credibility due to their susceptibility to external 
influences, thereby failing to accurately depict the overall 
survival (OS) of glioma patients [4]. Gene signature-based 
prognostic models have gained significant attention in re-
cent years for their capacity to accurately predict patient 
outcomes by utilizing statistical methods to eliminate col-
linearity in gene expression [5]. Nevertheless, the existing 
gene signatures primarily originate from particular gene 
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clusters, including those associated with copper metabo-
lism, fatty acid metabolism, ferroptosis, pyroptosis, im-
munity, and inflammation [6]. Such models are limited in 
that they only consider certain aspects of glioma charac-
teristics, and glioma heterogeneity may obscure the pre-
dictive value of the model. In order to tackle this problem, 
we examined the transcriptomic information and clinical 
data of glioma from publicly available data sources. Sub-
sequently, we developed a risk score consisting of novel 
gene markers without bias, which could potentially offer 
fresh perspectives on the management of individuals with 
glioma.

2. Materials and methods
2.1. Acquisition of the data

GEO database (The Gene Expression Omnibus, https://
www.ncbi.nlm.nih.gov/geo) offered the RNA sequen-
cing of 395 brain tumors from the GSE4290, GSE50161, 
GSE74195, GSE104291, and GSE29796 datasets (Table 
1). Additionally, the RNA sequencing and clinical infor-
mation of 702 glioma patients were provided by the TCGA 
database (The Cancer Genome Atlas, https://portal.gdc.
cancer.gov/). RNA sequencing and clinical data from 693 
and 325 individuals were obtained from the CGGA data-
base (The Chinese Glioma Genome Atlas, http://www.
cgga.org.cn/), while data from 475 glioma patients were 
acquired from the Rembrandt database (Downloaded from 
the CGGA database). Furthermore, data from the control 
group were derived from the GTEx database (The Geno-
type-Tissue Expression, https://xenabrowser.net/data-
pages/) and CGGA database.

2.2. Screening of the candidate gene sets
By applying the screening criteria of | logFC |> 1 and 

padj < 0.05, a screening process was conducted to iden-
tify differentially expressed genes (DEGs) for GSE4290, 
GSE50161, GSE74195, GSE104291, and GSE29796. The 
intersection of these genes from all five datasets was defi-
ned as the GSE differential gene sets. Genes with signifi-
cant prognostic value for TCGA-OS were identified using 
batch fit survival analysis using TCGA transcriptome data 
separated by median mRNA expression. A candidate gene 
set was compiled by combining the GSE differential gene 
set with the TCGA-OS-associated gene set.

2.3. Gene Ontology (GO) function and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathway 
enrichment

Functional annotations and pathway enrichment ana-
lyses were performed using the R package 'clusterProfiler' 
to evaluate the biological functions of the candidate gene 
sets. The analysis included GO terms such as molecular 
function (MF), cellular component (CC), and biological 
process (BP), as well as KEGG pathways.

2.4. Creating and validating a risk score
For the training cohort, the TCGA database was used, 

and CGGA and Rembrandt databases were used for the 
external validation cohort. The candidate gene set was 
confirmed again using univariate Cox regression. To select 
the best combinations of DEGs, we utilized the LASSO 
method. Afterwards, a multivariate Cox regression analy-
sis was utilized to detect the crucial genes and construct 
a risk score using the expression levels of those genes 
and their regression coefficients. The risk score equa-
tion for every glioma patient was derived as Risk score 
= (βmRNA1*expmRNA1 + βmRNA2*expmRNA2 + … 
+ βmRNAn*expmRNAn). Glioma patients were catego-
rized into two groups, namely the high and low-risk score 
group. A Kaplan-Meier analysis was performed to compare 
the OS of patients in the high- and low-risk score groups. 
The Area Under of Curve (AUC) was calculated using 
the Receiver Operating Characteristic (ROC) method to 
evaluate the accuracy of the risk score. Furthermore, the 
precision of the established risk score was thoroughly eva-
luated in two external validation cohorts. 

We assessed the suitability of the risk score by com-
paring the outcome of glioma patients within the identi-
cal clinical subgroup sourced from the TCGA database. 
Furthermore, we performed GO, KEGG, and Gene Set 
Enrichment Analysis (GSEA) on the DEGs between the 
high-and low-risk score groups, utilizing the Rembrandt 
database and applying the criteria of padj < 0.05 and | 
logFC |> 1.

2.5. Analyzing gene expression, survival value, and 
gene mutations of crucial genes

By utilizing the TCGA database, we analyzed the 
mRNA expression levels of crucial genes that contribute 
to the risk score, examining their correlation with clinical 
characteristics. To confirm the mRNA expression levels of 
these genes, we utilized single-cell sequencing data from 
GSE139448 in the TISCH2 database (Tumor Immune 
Single-cell Hub 2, http://tisch.comp-genomics.org). Fur-
thermore, we examined the protein expression levels of 
the crucial genes in glioma using the UALCAN database 
(The University of Alabama at Birmingham Cancer Data 
Analysis Portal, https://ualcan.path.uab.edu/analysis-prot.
html) and the HPA database (The Human Protein Atlas, 
https://www.proteinatlas.org). We performed K-M survi-
val analysis to evaluate the impact of mRNA expression 
levels of the crucial genes on patients’ OS. In order to 
enhance our comprehension of the genomics map of the 
crucial genes, we performed gene mutation analysis by 
utilizing the cBioPortal online database (http://www.cbio-
portal.org).

2.6. Construction of a Nomogram 
We assessed if our established risk score could function 

GEO platform Sample
GSE4290 GPL570 Glioma:157, Brain tissue:23
GSE104291 GPL570 Glioma:24, Brain tissue:2
GSE29796 GPL570 Glioma:51, Brain tissue:21
GSE50161 GPL570 Brain tumor: 117, Brain tissue: 13
GSE74195 GPL570 Brain tumor: 46, Brain tissue: 5

Table 1. Characteristics of Brain tumor patients in GEO sets.

https://www.ncbi.nlm.nih.gov/geo
https://www.ncbi.nlm.nih.gov/geo
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
http://www.cgga.org.cn/
http://www.cgga.org.cn/
http://tisch.comp-genomics.org
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The risk score for every individual was computed by 
utilizing the regression coefficients (β) obtained from 
the multivariate Cox regression analysis. Risk score = 
0.4721*IGFBP2 + 0.7673*PBK -0.6397*PPP2R2C + 
0.7849*NRXN3 + 0.3540*DNAJA4 + 1.0905*TGIF1 - 
0.6315*SPHKAP - 0.7273*ENAH + 0.4514*LGALS3BP. 

3.3. Multifaceted validation the 9 crucial genes
The TCGA database showed significant increases in 

mRNA expression in IGFBP2, PBK, TGIF1, ENAH, and 
LGALS3BP, while PPP2R2C, NRXN3, DNAJA4, and 
SPHKAP were significantly decreased (Figure S2A). In 
the CGGA database, the NRXN3 and DNAJA4 mRNA 
expression levels reduced, but the ENAH expression was 
not significantly different (Figure S2B). As for the highly 
expressed genes, excluded ENAH, IGFBP2, PBK, TGIF, 
and LGALS3BP all increased with the WHO grade. The 
genes PPP2R2C, NRXN3, and SPHKAP showed a de-
crease in expression with the WHO grade. Additionally, 
a significant difference was observed between 9 crucial 
genes and the presence of IDH mutation and 1p/19q co-
deletion, respectively (Figure S2C-K).

as an independent prognostic factors in glioma patients in 
the TCGA database by employing Cox regression analy-
sis. Using the 'rms' package, a prognostic nomogram was 
developed to forecast the OS at 1-, 3-, and 5- years in glio-
ma patients, considering the clinical factors and risk score 
obtained from the multivariate Cox regression analysis. 
A calibration chart was utilized to evaluate the predictive 
capability of the nomogram. The Decision Curve Analysis 
(DCA) was implemented to evaluate the clinical net bene-
fit using the 'rmda' package. The analysis was also confir-
med in the external validation cohort CGGA database.

2.7. Evaluation of infiltration of immune cells in tumors
Using the Single-sample GSEA (ssGSEA) algorithm, 

24 immune cell markers were computed to examine the in-
filtration of tumor immune cells. The matrix, immune, and 
estimate scores for both cohorts were determined using the 
Estimate algorithm. Additionally, we conducted a more in-
depth examination of the correlation between 46 prevalent 
immune checkpoints, chemokines, and the risk score.

2.8. Statistical analysis
The R software (4.2.1) was utilized to compute all sta-

tistical analysis outcomes. To create a risk score, we uti-
lized univariate Cox regression, LASSO, and multivariate 
Cox regression analysis. Pearson's correlation analysis 
was used to identify correlations, while the chi-square and 
t-test were employed to compare clinical features. The 
K-M method was utilized to generate OS curves, which 
were subsequently assessed using the log-rank analysis. 
Statistical significance was indicated by a P-value of less 
than 0.05, with all conducted statistical tests being two-
sided.

3. Results
3.1. Investigating and selecting candidate genes.

Figure 1 displays a diagrammatic depiction of our in-
vestigation. We identified 167 intersection genes from the 
5 GEO datasets (Figure 2A). Subsequently, 13,608 genes 
with significant influence on OS in glioma patients were 
identified from the TCGA database. We found 135 candi-
date genes that were shared between the GSE differential 
gene set and the TCGA-OS-associated gene set (Figure 
2B). The impact of these 135 candidate genes on the OS 
of TCGA patients was reaffirmed through univariate Cox 
regression analysis (Figure S1A). In addition, the analysis 
of these 135 potential genes using GO and KEGG analy-
sis revealed their strong association with the segregation 
of sister chromatids during mitosis, chromosomal region, 
binding to microtubules, and the cell cycle (Figure S1B-
C).

3.2. Construction of a risk score
In order to determine the best gene combinations, we 

utilized LASSO regression on the 135 genes identified 
through univariate Cox regression, ultimately selecting 21 
genes (Figure 2C-D). A risk score was established by selec-
ting 9 crucial genes using multivariate Cox regression ana-
lysis (Figure 2E). In patients with glioma, IGFBP2, PBK, 
NRXN3, TGIF 1, DNAJA4, and LGALS3BP were iden-
tified as risk factors for OS, whereas ENAH, PPP2R2C, 
and SPHKAP were found to be protective factors. These 9 
crucial genes also showed positive or negative correlations 
with each other (Figure 2F).

Fig. 1. Flow chart of this study. GEO: Gene Expression Omnibus. 
TCGA: The Cancer Genome Atlas. CGGA: The Chinese Glioma 
Genome Atlas. DEGs: Differentially Expressed genes. LASSO: the 
least absolute contraction and selection operator. GO: Gene Ontology. 
KEGG: Kyoto Encyclopedia of Genes and Genomes. GSEA: Gene 
Set Enrichment Analysis. ROC: Receiver Operating Characteristic. 
TISCH2: Tumor Immune Single-cell Hub 2 database. UALCAN: The 
University of Alabama at Birmingham Cancer Data Analysis Portal 
database. HPA: The Human Protein Atlas database.
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Survival analysis revealed that glioma patients with 
elevated levels of IGFBP2, PBK, TGIF1, DNAJA4, and 
LGALS3BP exhibited an unfavorable prognosis, whereas 
those with high expression of PPP2R2C, NRXN3, ENAH, 
and SPHKAP had a prolonged survival period, suggesting 
their potential role as tumor suppressors (Figure S3A-I). 
Interestingly, NRXN3 paradoxically emerged as a pro-
gnostic risk factor in the Cox regression analysis, while 
survival analysis indicated its possible protective effect. 
Consequently, we confirmed that increased NRXN3 
expression correlates with longer overall survival in the 
CGGA database (693 and 325_mRNAseq cohorts) (Figure 
S3J-K). Additionally, NRXN3 was identified as a potential 
cancer inhibitor in the Rembrandt database (Figure S3L).

According to Figure S4, the UALCAN database revea-
led that 9 crucial genes exhibited protein expression levels 
that were in line with their mRNA expression levels. In 
glioma, the levels of IGFBP2, PBK, TGIF1, ENAH, and 
LGALS3BP were markedly elevated, whereas PPP2R2C, 
NRXN3, DNAJA4, and SPHKAP exhibited significant 
reduction. Protein expression was confirmed using immu-
nohistochemistry, as shown in Figure S5. Glioma tissues 
exhibited higher staining for PBK, TGIF1, ENAH, and 
LGALS3BP antibodies compared to normal brain tissue, 
while staining for PPP2R2C, NRXN3, DNAJA4, and 
SPHKAP antibodies was reduced.

In order to confirm the aforementioned findings, the 
expression of 9 crucial genes in the TISCH2 database's 

single-cell transcriptome data aligned with the results ob-
tained from the TCGA database (Figure S6A-J). The 9 cru-
cial genes identified as significantly differently expressed 
in glioma samples have a low occurrence of mutations 
in the cBioPortal online database, indicating that the risk 
score was relatively cautious and exhibited strong stability 
(Figure S6K).

3.4. Assessment and verification of the predictive accu-
racy 

Both univariate and multivariate Cox regression ana-
lysis indicated a significant correlation between the risk 
score and OS in patients (Figure 3A). According to the 
K-M analysis, individuals with a decreased risk score ex-

Fig. 2. Screening of the crucial genes. (A): The intersection of 5 GEO 
datasets yields 167 differentially expressed genes in GSE. (B): The 
intersection of DEGs in GSE and DEGs in the TCGA database gives 
a total set of 135 candidate genes. (C): Cross-validation for optimal 
parameter selection in the LASSO regression model. (D): Track plot 
of the prognostic lasso variables. (E): Multivariate Cox regression 
analysis selected 9 crucial genes to build a prognostic risk score. 
(F): Chords chart of the correlation of the 9 key genes. GEO: Gene 
Expression Omnibus. DEGs: DEGs: Differentially Expressed genes. 
TCGA: The Cancer Genome Atlas.

Fig. 3. Construction and validation of the risk score for 9 crucial 
genes. (A-B): Multivariate Cox regression analysis shows that the risk 
score is an independent risk factor for patient outcome in the TCGA 
and CGGA databases. (C): Survival analysis of the TCGA database 
showed a significant reduction in OS in the high-risk score group. 
(D): Time-dependent ROC curve analysis shows that the AUC of risk 
score OS prediction for patients 1-,3- and 5- year in TCGA database 
is 0.871,0.929 and 0.864, respectively. (E): Survival analysis of the 
CGGA database showed a similarly significantly lower OS of patients 
in the high-risk score group. (F): Time-dependent ROC curve analysis 
shows that the AUC of risk score prediction for patient 1-, 3- and 
5-year OS in CGGA database is: 0.723, 0.765, and 0.739, respecti-
vely. (G): Multivariate Cox regression analysis showed that the risk 
score was a risk factor independent of patient outcome in the Rem-
brandt database. (H): Survival analysis of the Rembrandt database 
showed significantly lower OS in the high-risk score group. (I): Time-
dependent ROC curve analysis shows that the AUC of risk score 
prediction for patient 1-, 3- and 5-year OS in Rembrandt database is 
0.667, 0.799 and 0.799, respectively. (J-L): Risk factors in the TCGA, 
CGGA, and the Rembrandt database. The corresponding heat map 
shows the expression distribution of the 9 crucial genes. TCGA: The 
Cancer Genome Atlas. CGGA: The Chinese Glioma Genome Atlas. 
OS: Overall survival. ROC: Receiver Operating Characteristic. AUC: 
Area Under the Curve.
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hibited a notably superior rate of survival in comparison to 
those with an increased risk score (Figure 3B). The predic-
tive accuracy of the risk score for patient 1-, 3-, and 5-year 
OS was further confirmed through time-dependent ROC 
analysis, showing AUC values of 0.871, 0.829, and 0.864, 
respectively (Figure 3C).

To assess the precision of the risk score in predicting 
prognosis in additional groups, we performed an external 
validation to evaluate its predictive capability using the 
CGGA and Rembrandt databases. The risk score exhibited 
AUC values exceeding 0.6 at 1-, 3-, and 5-year intervals 
for OS in both validation cohorts, demonstrating excep-
tional predictive ability (Figure 3D-I). The risk score for 
OS had a higher prediction performance in both TCGA 
and CGGA databases compared to a single crucial gene 
(Figure S7).

Furthermore, the risk score of every patient in both the 
training and validation cohorts was assessed and ordered. 
As the risk score increased, the glioma patients expe-
rienced a decrease in survival time and an increase in mor-
tality events. Figure 3J-L displays the distribution of gene 
expression for the 9 crucial genes among the high- and 
low-risk score groups, as depicted by the heat map.

3.5. Creating a predictive nomogram
Using the TCGA database, a predictive nomogram was 

developed to estimate the survival rates of glioma patients 
for 1, 3, and 5 years. Figure 4A displayed the inclusion of 
risk score, WHO grade, age, IDH mutation, and 1p/19q 
co-deletion in the model. The calibration plot indicated 
that the nomogram exhibited a high level of agreement 
with the real observations, with a C-index of 0.867 (0.855-
0.879) (Figure 4B). Furthermore, the value of the nomo-
gram for clinical decisions was assessed through DCA 
analysis, revealing that the 1, 3, and 5-year nomogram 
provided superior net benefits compared to solely relying 
on clinical features (Figure 4C-E).

We constructed a prognostic nomogram as an external 
validation using the same variables from the CGGA data-
base. The findings suggested that the nomogram success-
fully predicted the OS of the validation set, as shown in Fi-
gure 4F. According to the calibration plot, the nomogram 
accurately predicted the OS of glioma patients at 1, 3, and 
5 years, aligning with the real-life observations. Additio-
nally, the C-index was recorded as 0.764(0.752-0.776) in 
Figure 4G. The analysis of the DAC also reflected similar 
findings to the training group (Figure 4H-J).

3.6. Performing enrichment analysis on DEGs
The prognosis of glioma patients in different sub-

groups, including age, gender, IDH mutation, and 1p/19q 
co-deletion, was assessed through survival analysis, re-
vealing a negative correlation between a higher risk score 
and prognosis (Figure 5A-I). Analysis of the DEGs in the 
high- and low-risk score groups using the GO function and 
KEGG pathway revealed a correlation between extracel-
lular matrix organization and BP. The extracellular matrix 
structural components and inhibitors of enzyme activity 
were greatly enriched in MF. The extracellular matrix 
containing collagen was enriched in CC. Furthermore, the 
KEGG pathway analysis revealed significant enrichment 
in the pathways of ECM-receptor interaction, Focal adhe-
sion, and complement and coagulation cascades (Figure 
5J, Table 2). According to the GSEA findings, the group 

at high risk showed significant enrichment in Focal adhe-
sion, Cell cycle mitosis, cytokine signaling in the immune 
system, extracellular matrix organization, and NABA ma-
trisome. In Figure 5K and Table 3, it was observed that 
the low-risk group had a higher presence of the neuronal 
system, transmission through chemical synapses, interac-
tion with neuroactive ligand receptors, and transmission of 
neurotransmitter receptors and postsynaptic signals.

3.7. The correlation between the risk score and immune 
cells

Figure 6 illustrates the association between the risk 
score formulated for 9 crucial genes and the presence of 
immune cells infiltrating the tumor. The high-risk score 
group exhibited increased stromal, immune, and estimate 
scores (Figure 6A-C). According to the TCGA database, 
the risk score showed a strong correlation with 20 out of 
24 immune cells (Figure 6D). Figure 6F, and 6H shows 
that the CGGA database was associated with 21 immune 
cells, while the Rembrandt database was associated with 
20 immune cells in relation to the risk score. The com-
prehensive training and validation cohort analysis yielded 
findings indicating that individuals in the high-risk score 

Fig. 4. Construction, evaluation and validation of Nomogram based 
on risk score. (A): Prognostic nomogram constructed in the TCGA da-
tabase based on the variables showing significant prognostic signifi-
cance in the multivariate Cox regression analysis; (B): The calibration 
graph of the nomogram shows that the nomogram has good value for 
patient OS prediction. (C-E): Decision curve analysis plot shows the 
clinical utility of the nomogram for patients at 1, 3 and 5 years than 
the other separate variables. (F): The constructed nomogram was veri-
fied in CGGA database. (G): The calibration graph of the nomogram 
shows that the nomogram still has good value for patient OS predic-
tion. (H-J): Decision curve analysis plot shows the clinical utility of 
the nomogram for patients at 1, 3 and 5 years than the other separate 
variables. TCGA: The Cancer Genome Atlas. OS: Overall survival. 
CGGA: The Chinese Glioma Genome Atlas. 
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category exhibited reduced levels of B cell, Tcm, Tem, 
Tfh, Tgd, and NK56 bright cell while showing elevated 
expression of NK cell, macrophages, neutrophils, and Th2 
cell. Figures 6E, 6G, and 6I displayed the arrangement of 
24 immune cells in the different groups within the training 
and validation cohorts, as depicted by the radar plots.

The heatmap of co-expression reveals a significant cor-
relation between the risk score and most of the immune 
checkpoints. In the TCGA and CGGA databases, CD274, 
CTLA4, PDCD1, LAG3, and CD276 exhibited a favo-

rable association with the risk score, as depicted in Figure 
7A-D. In the Rembrandt database, there was a positive 
correlation between the risk score and CXCL11, CXCL10, 

Fig. 5. The relationship between the risk score and the clinical fea-
tures. Kaplan-Meier survival analysis: (A): Male. (B): Female. (C): 
IDH mutation. (D): ≥60 years old. (E): <60 years old. (F): WHOII. 
(G): WHO III. (H):1p/19q non-codel. (I):1p/19q codel. (J): GSEA 
enrichment analysis of differential genes between high-and low-risk 
score groups. (K): GO and KEGG analysis of the differential genes 
between the high-and low-risk score groups. GSEA: Gene Set Enrich-
ment Analysis. GO: Gene Ontology. KEGG: Kyoto Encyclopedia of 
Genes and Genomes. 

Ontology ID Description p-value p.adjust z-score
BP GO:0030198 extracellular matrix organization 1.87e-14 3.46e-11 5.24
BP GO:0043062 extracellular structure organization 2.07e-14 3.46e-11 5.24
BP GO:0045229 external encapsulating structure organization 2.51e-14 3.46e-11 5.24
CC GO:0062023 collagen-containing extracellular matrix 2.19e-27 9.79e-25 6.8279
CC GO:0005604 basement membrane 5.65e-15 1.26e-12 3.7097
CC GO:0097060 synaptic membrane 9.4e-13 1.4e-10 -5.3333
MF GO:0005201 extracellular matrix structural constituent 2.54e-18 1.76e-15 5.5678
MF GO:0030020 extracellular matrix structural constituent 

conferring tensile strength 2.82e-09 9.74e-07 3.3166
MF GO:0004857 enzyme inhibitor activity 1.02e-08 2.35e-06 3.0533
KEGG hsa04512 ECM-receptor interaction 9.52e-10 2.61e-07 4
KEGG hsa04510 Focal adhesion 7.15e-08 9.79e-06 3.7097
KEGG hsa04610 Complement and coagulation cascades 3.15e-07 2.87e-05 3.6056

Table 2. GO and KEGG enrichment analysis of DGEs between high and low groups of risk score in the Rembrandt database.

Fig. 6. A significant relationship between risk score and tumor im-
mune cell infiltration. (A-C): The immune infiltration Estimate algo-
rithm showed that the stromal, immune, and estimate scores of pa-
tients in the high-risk score group in TCGA, CGGA and Rembrandt 
databases were higher than those of the low-risk group. (D): The im-
mune infiltration ssGSEA algorithm shows the differential expression 
of the 24 immune infiltration cells in the TCGA database in the high- 
low-risk groups. (E): Radar plot showing the expression distribution 
of 24 immune infiltrating cells in the TCGA database in high- low-risk 
groups. (F): Differential expression of 24 immune infiltrating cells in 
the high-and low-risk groups. (G): Radar plot showing the expres-
sion distribution of 24 immune infiltrating cells in CGGA database in 
the high-and low-risk groups. (H): Differential expression of the 24 
immune-infiltrating cells in the Rembrandt database in the high- low-
risk groups. (I): Radar diagram showing the expression distribution of 
24 immune infiltrating cells in Rembrandt database in the high- low-
risk groups. TCGA: The Cancer Genome Atlas. CGGA: The Chinese 
Glioma Genome Atlas. ssGSEA: Single-sample Gene Set Enrichment 
Analysis. 

DEGs: differential expression genes. GO: Gene Ontology. KEGG: Kyoto Encyclopedia of Genes and Genomes. BP: Biological Process. CC: 
Cellular Component. MF: Molecular Function.
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CCL2, and CXCR7, while CCL19 and CXCR3 showed a 
negative correlation with the risk score (Figure 7E-F). To 
summarize, the risk score can indicate the level of tumor 
immune cell infiltration and the immunosuppressive state 
within the tumor immune microenvironment.

4. Discussion
Glioma genesis is an extremely complex process that 

involves the functional alteration of different genes [7]. 
Thus, Models that utilize a combination of correlated 
genes have been proven to be more accurate in forecas-
ting the prognosis of glioma patients compared to models 
that depend on a solitary gene [8]. As a result, we have 
created a novel risk assessment score utilizing 9 crucial 
genes without any particular categorization. The glioma 
patients were categorized into high- and low-risk score 
groups by this model, and it was observed that the former 
had a considerably reduced OS. Furthermore, we deve-
loped a nomogram that integrates a risk score and clinical 
characteristics to forecast the OS of patients at 1, 3, and 5 
years. The calibration curve, which relied on the TCGA 
and CGGA databases, demonstrated a remarkable simila-
rity between the predicted and observed values, affirming 
the exceptional precision of the nomogram. The improved 
nomogram can be utilized to forecast survival status and 
provide personalized treatment, surpassing the initial cli-
nical characteristics.

Extensive research has been conducted on insulin-like 
growth factor binding protein 2 (IGFBP2) as a potential 
biomarker for the detection of cancer and as a target for 
immunotherapy [9]. High-grade gliomas exhibit an ele-
vated level of IGFBP2 expression, whereas IDH mutant 
gliomas display a reduced level of expression. Studies 
have demonstrated that IGFBP2 promotes the formation 
of the glioma cell network by increasing the concentra-
tions of CD144 and MMP2 [10]. IGFBP2 activating inte-
grin α5 and β1/ERK has been discovered to enhance the 
malignant characteristic of glioma cells (10). Furthermore, 
IGFBP2 stimulates the EGFR/STAT3 pathway, promoting 
the nuclear accumulation of EGFR and driving tumor 
growth [11]. The immunosuppressive actions also involve 
IGFBP2. IGFBP2's modulation of invasion and progres-
sion-associated gene CD24 contributes to increased inva-
siveness of GBM cells. PPP2R2C, which is a regulatory 
subunit of PP2A, has been suggested as a possible gene 
that suppresses tumors and is observed to be decreased in 
glioma cells [12]. Increased levels of PPP2R2C expression 
have been found to impede tumor growth by suppressing 

the activity of the S6K enzyme in the mechanistic target 
of rapamycin (mTOR) pathway. Studies have shown that 
blocking TGIF1, a homeobox 1 factor that induces trans-
forming growth factor β, can greatly decrease the growth 
and infiltration of glioma cells [13]. The utilization of 
LGALS3BP, a protein that binds to Galectin 3, shows pro-
mise as a biomarker for the early identification of glioma 
and enhanced patient survival rates [14]. The PBK, which 
is also referred to as the TOPK or T-LAK cell-originated 
protein kinase, plays a role in signal transduction pathways 
that control cell cycle and proliferation [15]. It is involved 
in the development of tumors and the spread of cancer. Re-
search has indicated that the expression of PBK is elevated 

ID P.adjust NES
matrisome 6.10487e-07 2.980223948
cell cycle mitotic 6.07551e-05 2.748959235
cytokine signaling in immune system 0.000396947 2.481442202
extracellular matrix organization 0.000398244 2.514589626
focal adhesion 0.000398244 2.482655469
neuronal system 3.40929e-07 3.540004944
transmission across chemical synapses 6.07551e-05 3.049618319
neuroactive ligand-receptor interaction 0.001483216 2.318012295
neurotransmitter receptors and postsynaptic signal transmission 0.007069078 2.085540992

GSEA: Gene Set Enrichment Analysis. DEGs: differential expression genes. 

Table 3. GSEA enrichment analysis of DGEs between high and low groups of risk score in the Rembrandt database.

Fig. 7. Correlation analysis of risk score in common immune check-
points. (A-B): Heatmap of the correlation between risk score and 
immune checkpoints in the TCGA database. (C-D): Heatmap of the 
correlation between risk score and immune checkpoints in CGGA da-
tabase. (E-F): Heatmap of the correlation between risk score and che-
mokines in Rembrandt database. TCGA: The Cancer Genome Atlas 
database. CGGA: The Chinese Glioma Genome Atlas database. ns: no 
signification, *:P<0.05, **:P<0.01, ***:P<0.001.
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in glioblastoma, which is linked to a lower rate of survival 
[16]. Our results were consistent with previous studies, 
which confirmed the importance of our selected IGFBP2, 
PPP2R2C, TGIF1, LGALS3BP and PBK in glioma.

Glioma patients with reduced levels of DNAJA4 have 
a poorer prognosis. This implies that DNAJA4 is a pro-
tective factor in glioma patients. However, our findings 
indicated that individuals with a decreased expression of 
DNAJA4 experienced a longer OS. NRXN3, also known 
as Neurexin 3, is an adhesion molecule found in the pre-
synaptic region [17]. The presence of this protein is lin-
ked to the emergence of neuropsychiatric disorders and 
malignancies. The reduced expression of this protein in 
gliomas impedes the growth, migration, and infiltration of 
glioma cells [18]. These findings align with the outcomes 
of our multivariate Cox regression analysis. However, the 
significant upregulation of NRXN3 observed in our ana-
lysis of patient survival suggests that NRXN3 may func-
tion as a tumor suppressor gene, leading to increased OS. 
Hence, further investigation is necessary to ascertain the 
precise function of DNAJA4 and NRXN3 in glioma. 

Our study shows that ENAH expression was elevated 
in gliomas, and patients with high expression live longer. 
SPHKAP expression was reduced in gliomas, and patients 
with low expression have shorter survival. The ENAH is 
a member of the Ena/VASP family and is associated with 
numerous processes that entail alterations to the cytoske-
leton and cell polarity [19]. Its carcinogenic role has been 
investigated in gastric, breast, and esophageal cancers, yet 
its role in glioma is still unclear. SPHKAP may serve as 
a potential intersection between cAMP and sphingosine 
signaling, playing a regulatory function in SPHK1. The 
extent to which it affects glioma remains to be determined 
and must be studied further.

The examination of the tumor microenvironment 
(TME) has uncovered that the presence of immune cells 
plays a vital part in the advancement of tumors and has 
the potential to impact the prognosis of individuals with 
cancer [20]. Tumor cells frequently utilize immune check-
points to avoid immune detection, thereby maintaining 
tumor immune tolerance [21]. The findings from GSEA 
indicated a heightened activation of pathways related to 
immune response in the group with high-risk scores, which 
inspired us to investigate the correlation between the risk 
score and the presence of immune cells within the tumor. 
The findings revealed that the levels of expression of most 
immune infiltrating cells varied significantly between the 
two groups of patients. B cells and T cells were found to be 
lower in the high-risk score group, while other non-lym-
phocytes exhibited an increasing pattern. Moreover, there 
was a positive correlation between the group with a high-
risk score and the majority of immune checkpoints, indica-
ting that the risk score has the ability to indicate the level 
of tumor immunosuppression. The Rembrandt database 
revealed a connection, whether it be positive or negative, 
between the risk score and chemokines, highlighting the 
intricate nature of glioma. Further exploration is necessary 
to acquire a more profound understanding of the function 
of immune cells that infiltrate tumors and the process of 
evading the immune system.

5. Conclusions
To summarize, this study has performed an extensive 

bioinformatics examination of a risk score that exhibits ex-

cellent predictive efficacy for individuals with glioma. By 
merging information from various sources, the constraints 
of a limited sample size can be overcome, allowing for 
the utilization of existing data for additional analysis. The 
investigation has discovered multiple possible targets for 
further research on the molecular processes and predic-
tive indicators of glioma. However, additional molecular 
biology experiments and the validation of a larger number 
of clinical samples are necessary to ascertain the role of 
the crucial genes in individuals with varying subtypes of 
glioma and the clinical significance of the risk score.
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