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INTRODUCTION
	 Glioblastoma (GBM) is the most aggressive and lethal 
primary brain tumor, characterized by rapid progression 
and poor patient survival despite advances in surgical, 
radiotherapeutic, and chemotherapeutic interventions.1 

The median survival time remains approximately 15 
months, underscoring the urgent need for improved 
prognostic biomarkers and therapeutic strategies for this 
disease.1,2 Recent research has increasingly recognized the 
critical role of synaptic signaling in the pathophysiology 
of GBM.3-5 Neuron-glioma synaptic interactions have 
been shown to facilitate tumor growth, invasion, and 
resistance to treatment by creating a tumor-supportive 
microenvironment.6-8 These findings position synaptic 
pathways as promising targets for both prognostic biomarker 
discovery and novel therapeutic interventions.
	 Transcriptomic profiling serves as a systematic 
approach to explore biological processes by linking synaptic-
associated gene expression with clinical outcomes,9-12 

thereby offering a precise strategy for developing prognostic 
models with biological relevance. This methodology 
facilitates the identification of differentially expressed genes 
(DEGs) that can act as prognostic markers or therapeutic 
targets. However, despite numerous transcriptomic 
studies, the integration of multiple datasets to construct 
robust, biologically informed prognostic models remains 
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Objective: This study aimed to elucidate the transcriptomic landscape of glioblastoma (GBM) by integrating multiple 
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Materials and Methods: Four transcriptomic datasets were analyzed using the limma pipeline for differential gene 
expression analysis with empirical Bayes moderation to identify differentially expressed genes (DEGs). Functional 
enrichment analyses were conducted via Gene Ontology and KEGG. A prognostic model was constructed using 
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(n=325). Multivariate Cox proportional hazards regression assessed the model’s independent prognostic value. 
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Results: A total of 108 consistently dysregulated DEGs were identified, enriched in synaptic vesicle cycling, neuronal 
projection, and chloride transport pathways. A robust ten-gene prognostic signature (SPRY1, CD58, RCC1, E2F7, 
BUB1, FAM46A, TYMS, NEDD9, CHST14, REPS2) effectively stratified patients, with time-dependent ROC AUCs 
of 0.718, 0.755, and 0.757 at 1-, 3-, and 5-year survival points. Multivariate Cox analysis confirmed the model’s 
independent prognostic value, further refined by a nomogram with AUCs of 0.8, 0.898, and 0.906. Differential 
expression of all ten genes was validated externally.
Conclusion: This study reveals a previously underexplored synaptic pathway-related gene signature with strong 
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future therapeutic strategies.
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a challenge. Focusing specifically on synaptic pathway-
related genes offers a targeted strategy to uncover the 
functional impact of neuron-tumor synaptic interactions 
on GBM progression.
	 This study employed integrative bioinformatics 
analyses of multiple publicly available GBM transcriptomic 
datasets to identify DEGs enriched in synaptic processes 
and correlated with patient prognosis. Through rigorous 
statistical modeling, including LASSO-Cox regression 
and multivariate Cox proportional hazards analyses, a 
synaptic pathway-enriched gene signature with strong 
prognostic value was constructed and validated in the 
TCGA cohort. This signature not only effectively stratifies 
patients but also highlights the molecular mechanisms 
underlying tumor progression mediated by synaptic 
signaling.
	 By bridging transcriptomic insights with the biological 
mechanisms of neuron-glioma interplay, this study 
advances the understanding of the GBM’s molecular 
drivers of GBM. The identified gene signature enhances risk 
stratification beyond current prognostic markers, offering 
a clinically applicable tool for personalized management 
of patients. Furthermore, it provides a foundation for the 
development of targeted therapies aimed at disrupting 
tumor-promoting synaptic communication, which could 
improve treatment outcomes.
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In summary, this synaptic-centric transcriptomic 
investigation addresses a critical gap in GBM research by 
integrating pathway-specific molecular data with clinical 
prognostic data. These findings provide novel insights 
into the role of synaptic signaling in GBM progression 
and present a validated prognostic model with potential 
clinical utility. This study supports the ongoing pursuit of 
precision medicine approaches that incorporate tumor 
microenvironmental interactions to improve prognosis 
and therapeutic efficacy in this devastating disease.

MATERIALS AND METHODS
Gene expression data acquisition and preprocessing
	 The gene expression data utilized in this study were 
derived from multiple publicly available microarray 
datasets. Four datasets—GSE4290,13 GSE50161,14 
GSE68848,15 and GSE11652016—were retrieved from 
the Gene Expression Omnibus (GEO) database (http://
www.ncbi.nlm.nih.gov/geo/). These four GEO datasets 
were selected based on predefined criteria, including 
availability of both GBM and normal tissues, sufficient 
sample size, comparable profiling platforms, and high-
quality normalized expression data enabling integrative 
analysis. Specifically, GSE4290, GSE50161, and GSE68848 
were based on the Affymetrix Human Genome U133 Plus 
2.0 Array (GPL570 platform), encompassing a total of 339 
glioblastoma (GBM) tumor samples and 64 normal brain 
tissue samples. The GSE116520 dataset, generated using 
the Illumina HumanHT-12 V4.0 platform (GPL10558), 
comprises 17 GBM tumor samples and 8 normal controls, 
offering a comprehensive transcriptomic landscape for 
identifying robust DEGs.
	 Prognostic modeling employed gene expression 
and survival data from the mRNAseq_693 cohort of the 
CGGA (https://www.cgga.org.cn/index.jsp), constructing 
a LASSO-Cox risk model,17,18 with clinical validation and 
nomogram development conducted using the CGGA_325 
cohort. Expression validation of prognostic candidates 
was further corroborated using TCGA and GTEx datasets, 
enabling comparative analysis between GBM and normal 
brain tissues.

Identification of DEGs
	 DEGs were conducted using the “limma” package in 
R (v4.3.0), identifying DEGs based on |log2FC| > 1 and 
p < 0.05, with Benjamini-Hochberg correction for false 
discovery rate. Venn diagram analysis (https://bioinfogp.
cnb.csic.es/tools/venny/index.html) was employed to 
identify overlapping DEGs across datasets, with subsequent 
functional enrichment analysis to elucidate their biological 
relevance in GBM pathophysiology.

Functional enrichment analysis to elucidate biological 
relevance
	 Functional enrichment analysis was performed 
using the Enrichr platform (https://maayanlab.cloud/
Enrichr/),19-21 encompassing gene ontology (GO) analysis 
to elucidate overrepresented biological processes (BP), 
cellular components (CC), and molecular functions 
(MF),22 alongside KEGG pathway analysis to delineate 
the involvement of DEGs in key signaling and metabolic 
pathways.23 Input gene lists comprising DEGs with FDR-
adjusted p-values below 0.05 were analyzed via Enrichr, 
prioritizing top-enriched GO terms and KEGG pathways 
based on a combined score that integrates p-value and 
z-score, thereby revealing key molecular mechanisms 
underlying GBM pathophysiology.

Construction of prognostic risk model via LASSO-
Cox regression
	 The CGGA mRNAseq_693 dataset was randomly 
partitioned into training (80%) and testing (20%) subsets 
using stratified sampling based on survival status, with 
reproducibility ensured by applying a fixed random seed 
(set.seed = 123). LASSO regression was employed for 
simultaneous feature selection and model regularization,17,24,25 
with five-fold cross-validation to determine the optimal 
λ, minimizing prediction error and enhancing model 
generalizability.
	 The LASSO model was validated using the independent 
testing set, with risk scores calculated as a linear combination 
of gene expression values weighted by the LASSO-derived 
coefficients. Correlation analysis was conducted to assess 
gene-risk score associations, with the top ten genes 
visualized in a bar plot to delineate risk-promoting versus 
protective genes based on the direction and magnitude 
of their impact.
	 To evaluate the clinical utility of the risk score, 
patients in the test cohort were stratified into high- and 
low-risk groups based on the median risk score, followed 
by Kaplan–Meier survival analysis to compare overall 
survival.18,26,27 Time-dependent ROC curves at 1, 3, and 
5 years were generated to assess model discriminative 
power, with AUC values calculated to quantify predictive 
accuracy.

Clinicopathologic correlation analysis
	 Patients were stratified into high- and low-risk 
groups based on the median risk score. Differences in 
clinical characteristics were assessed using the Wilcoxon 
rank-sum test for Age (continuous variable) and Chi-
square tests for categorical variables, including Gender, 
WHO Grade, Radiotherapy status, Chemotherapy status, 
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MGMT methylation status, and IDH mutation status. 
Statistical significance was defined as p < 0.05.

Independent prognostic factor analysis and nomogram 
construction
	 Cases with missing values in essential clinical variables, 
such as survival data, MGMT methylation, or IDH 
mutation status, were excluded from the multivariate 
Cox analysis, and no imputation was performed. The 
multivariate Cox regression analysis was conducted 
within the CGGA_325 cohort to assess the independent 
prognostic significance of the gene expression-derived 
risk score in conjunction with clinical and molecular 
variables, including age, gender, tumor grade, treatment 
status, MGMT methylation, and IDH mutation status, 
with hazard ratios (HRs) calculated at p < 0.05. 
	 A prognostic nomogram was constructed using 
statistically significant variables,28 assigning scores based 
on regression coefficients to predict 1-, 3-, and 5-year 

survival probabilities, with predictive accuracy assessed 
via time-dependent ROC curves and AUC values.26,27 The 
CGGA_325 cohort showed comparable demographic 
characteristics to the CGGA mRNAseq_693 training 
cohort, particularly in terms of age distribution and 
sex proportion, supporting its suitability for external 
validation.

Expression validation of LASSO-selected genes utilizing 
GEPIA
	 Boxplot analyses performed via GEPIA, utilizing 
log2 (TPM + 1) normalization, |log2 fold change| ≥ 1, 
and p < 0.01,29 demonstrated significant differential 
expression of all selected genes between tumor and normal 
tissues, with most exhibiting marked overexpression in 
GBM samples, reinforcing their oncogenic potential and 
validation for inclusion in the LASSO-based prognostic 
model.

 

Fig 1. Overview of the study workflow. Transcriptomic datasets (GSE4290, GSE50161, GSE68848, GSE116520) were integrated for the 
screening of differentially expressed genes (DEGs), followed by synaptic-pathway enrichment and LASSO Cox modeling to develop a 10-
gene prognostic signature. Validation was conducted using survival curves, receiver operating characteristic (ROC) analysis, and nomogram 
assessment. Clinical correlation analysis associated risk scores with grade, IDH status, and age, underscoring its potential clinical applicability.
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RESULTS
Identification of DEGs and enrichment analysis in GBM
	 A comprehensive analysis was conducted involving 
356 GBM tissue samples and 72 normal tissue samples. 
Each dataset was individually processed and analyzed 
using R software to generate lists of DEGs. Specifically, 
the GSE4290, GSE50161, GSE68848, and GSE116520 
datasets were systematically examined, yielding 4,631 

DEGs (2,284 upregulated, 2,349 downregulated), 5,385 
DEGs (2,523 upregulated, 2,862 downregulated), 6,493 
DEGs (3,412 upregulated, 3,081 downregulated), and 
3,370 DEGs (1,862 upregulated, 1,508 downregulated), 
respectively (Fig 2A–D). Integration of datasets using a 
Venn diagram analysis identified 83 consistently upregulated 
DEGs (log2FC > 1) and 25 consistently downregulated 
DEGs (log2FC < -1) across all four datasets (Fig 2E, F).
 

Fig 2. Identification of Differentially Expressed Genes (DEGs) in GBM Across Multiple Datasets. (A–D) Volcano plots illustrating DEGs 
across four GBM datasets, highlighting upregulated genes (log2FC ≥ 1, p < 0.05) in red, downregulated genes (log2FC  ≤ -1, p < 0.05) in 
blue, and non-significant genes in gray, with log2 fold change on the x-axis and -log10(p) values on the y-axis. (E, F) Venn diagrams depicting 
the intersection of DEGs across GSE50161, GSE68848, GSE4290, and GSE116520, identifying 83 consistently upregulated (E) and 25 
consistently downregulated DEGs (F), potentially representing pivotal molecular drivers and candidate biomarkers in GBM pathogenesis.
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	 GO and KEGG pathway enrichment analyses of 
the 108 overlapping DEGs in GBM revealed significant 
associations with neuronal projection, synaptic function, 
and chloride transmembrane transporter activity (Fig 
3A–D). As shown in Fig 3A, the most significantly 
enriched BPs included chemical synaptic transmission 
(GO:0050804), positive regulation of catecholamine 
secretion (GO:0033605), and the synaptic vesicle cycle 
(GO:0099504). The synaptic vesicle cycle, a neuronal 
mechanism traditionally implicated in neurotransmitter 
release and recycling30 has been increasingly recognized 
for its role in the synaptic integration of high-grade 
gliomas within neural networks, a process that significantly 
contributes to glioma progression in both preclinical 
models4,31 and clinical patient samples.32 
	 Cellular component (CC) analysis further identified 
significant enrichment in neuron projection (GO:0043005), 
exocytic vesicle membrane (GO:0099501), and synaptic 
vesicle membrane (GO:0030672) (Fig 3B). Meanwhile, 
molecular function (MF) analysis highlighted the enrichment 
of guanyl-nucleotide exchange factor activity (GO:0005085), 
protein heterodimerization (GO:0046982), and chloride 
transmembrane transporter activity (GO:0015108) (Fig 
3C).

	 KEGG pathway analysis revealed significant 
enrichment in pathways associated with the synaptic 
vesicle cycle, neuroactive ligand-receptor interaction, 
insulin secretion, and GABAergic synapse (Fig 3D), 
highlighting the potential involvement of synaptic and 
neurotransmission-related genes in GBM pathogenesis 
and identifying promising therapeutic targets to disrupt 
tumor-neuron crosstalk.
	
LASSO analysis for prognostic gene identification 
in GBM
	 LASSO-Cox regression was applied to the 108 
GBM-associated genes to construct a prognostic model, 
with the coefficients of selected genes plotted against the 
lambda parameter, illustrating the reduction of non-zero 
coefficients and refinement of a parsimonious model 
(Fig 4A). The optimal lambda value, balancing model 
complexity and predictive accuracy, was determined by 
plotting partial likelihood deviation against log(λ) (Fig 
4B).
	 The analysis identified ten pivotal prognostic 
markers—SPRY1, CD58, RCC1, E2F7, BUB1, FAM46A, 
TYMS, NEDD9, CHST14, and REPS2—as the most 
robust predictors (Fig 4C), with correlation heatmap 

Fig 3. Functional Enrichment Analysis of 108 Overlapping DEGs in Glioblastoma (GBM). Bar plots illustrate significantly enriched GO 
terms across (A) Biological Processes, (B) Cellular Components, and (C) Molecular Functions, with (D) KEGG Pathway Analysis emphasizing 
pathways implicated in synaptic function, neurotransmission, and tumor-neuron interactions.
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analysis revealing significant co-expression patterns 
(Fig 4D). The ten-gene signature effectively stratified 
patients into high- and low-risk groups, with Kaplan-
Meier analysis indicating markedly worse survival in the 
high-risk group (Fig 4E). Time-dependent ROC analysis 

demonstrated progressive enhancement in predictive 
accuracy, with AUC values of 0.718, 0.755, and 0.757 
for 1-, 3-, and 5-year overall survival, respectively (Fig 
4F), underscoring the prognostic relevance of the gene 
signature in GBM.
 

Fig 4. LASSO Analysis of Prognostic Genes Derived from DEGs in GBM. (A) Gene coefficients plotted against the lambda (λ) parameter, 
illustrating the reduction in non-zero coefficients as λ increases. (B) Partial likelihood deviation vs. log(λ), with the optimal λ value marked, 
balancing model complexity and predictive accuracy. (C) Ten most prognostic marker genes identified by LASSO as key predictors in GBM. 
(D) Correlation heatmap depicting the co-expression patterns of the top ten genes, with color intensity reflecting correlation strength (red: 
positive, blue: negative). (E) Kaplan-Meier survival analysis stratifying patients into high- and low-risk groups, revealing significantly worse 
survival in the high-risk cohort (log-rank p < 0.05). (F) Time-dependent ROC curves demonstrating the prognostic model’s predictive 
accuracy over 1-, 3-, and 5-year intervals, with AUC values of 0.718, 0.755, and 0.757, respectively.
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Correlation analysis of clinical variables and risk score 
stratification
	 To explore the clinical relevance of the prognostic 
model, we examined associations between the risk score 
and patient clinicopathologic variables. As summarized 
in Table 1, patients in the High-risk group exhibited a 
significantly greater proportion of WHO grade IV tumors 
and a higher frequency of IDH–wild-type status (both  
p < 0.05), indicating increased malignancy in this group. 
Chemotherapy-treated cases were more common in the 
High-risk group, whereas no significant differences were 
observed for gender or MGMT methylation status (all 
p > 0.05). Age was significantly higher in the High-risk 
group based on the Wilcoxon comparison, suggesting that 
older individuals tend to fall into higher-risk molecular 
subgroups.
 
Independent prognostic factors for GBM
	 Multivariate Cox regression analysis evaluated the 
independent prognostic value of the risk score alongside 
clinical variables, with tumor grade (WHO III: p = 2.50 

× 10-⁶; WHO IV: p = 6.54 × 10-¹³), chemotherapy status 
(p = 0.0028), and risk score (p = 2.54 × 10-⁵) emerging as 
significant predictors of overall survival in GBM patients 
(Fig 5A).
	 A prognostic nomogram was subsequently developed 
by integrating the risk score with clinical parameters, 
assigning weighted point values to estimate 1-, 3-, and 
5-year survival probabilities (Fig 5B). Time-dependent 
ROC analysis demonstrated the model’s robust predictive 
performance, with AUC values of 0.8, 0.898, and 0.906 
for 1-, 3-, and 5-year survival, respectively, underscoring 
its prognostic utility in GBM (Fig 5C).

Validation of prognostic gene expression in GBM
	 The expression profiles of ten prognostic genes 
identified through LASSO regression—SPRY1, CD58, 
RCC1, E2F7, BUB1, FAM46A, TYMS, NEDD9, CHST14, 
and REPS2—were validated using transcriptomic datasets 
from TCGA and GTEx, comparing GBM tumor tissues 
(n = 163) and normal brain tissues (n = 207). All ten 
genes demonstrated statistically significant differential 

TABLE 1. Association between clinicopathologic characteristics and prognostic risk score groups.

Variable	 Category	 Low risk	 High risk	 P value	 Sig

Age (years, median [IQR])	  	 39 [IQR 11]	 45 [IQR 17]	 < 0.001	 ***

Gender	 Female	 70 (42.9%)	 52 (32.1%)	 0.0569	 n.s.

	 Male	 93 (57.1%)	 110 (67.9%)	 0.0569	 n.s.

Grade	 WHO II	 94 (57.7%)	 9 (5.7%)	 0.0000	 ***

	 WHO III	 38 (23.3%)	 41 (25.9%)	 0.0000	 ***

	 WHO IV	 31 (19%)	 108 (68.4%)	 0.0000	 ***

Radiotherapy status	 Untreated	 130 (82.3%)	 114 (75%)	 0.1538	 n.s.

	 Treated	 28 (17.7%)	 38 (25%)	 0.1538	 n.s.

Chemotherapy status	 Untreated	 85 (55.9%)	 108 (71.1%)	 0.0088	 **

	 TMZ Treated	 67 (44.1%)	 44 (28.9%)	 0.0088	 **

MGMT methylation status	 methylated	 82 (54.7%)	 75 (48.1%)	 0.2990	 n.s.

	 unmethylated	 68 (45.3%)	 81 (51.9%)	 0.2990	 n.s.

IDH mutation status	 Mutant	 128 (79%)	 47 (29%)	 0.0000	 ***

	 Wildtype	 34 (21%)	 115 (71%)	 0.0000	 ***

Significance indicators: *p < 0.05, **p < 0.01, ***p < 0.001
Abbreviation: n.s. = not significant
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Fig 5. Independent Prognostic Factors in GBM. (A) Forest plot from multivariate Cox regression analysis assessing the prognostic 
independence of the risk score relative to clinical parameters, including age, gender, WHO grade, radiotherapy, chemotherapy, MGMT 
methylation, and IDH mutation, with HRs and 95% CIs indicated (**p < 0.01, ***p < 0.001). (B) Prognostic nomogram integrating the risk 
score and key clinical variables to estimate 1-, 3-, and 5-year survival probabilities in GBM, with points assigned to each parameter and 
summed to derive the total risk score. (C) Time-dependent ROC curves illustrating the predictive accuracy of the nomogram for 1-year 
(green), 3-year (blue), and 5-year (red) survival, with AUC values of 0.8, 0.898, and 0.906, respectively, underscoring robust temporal 
predictive performance.

expression (p < 0.05), with SPRY1, CD58, RCC1, E2F7, 
BUB1, FAM46A, TYMS, NEDD9, and CHST14 exhibiting 
marked upregulation, indicating potential oncogenic 
roles, while REPS2 showed significant downregulation, 
suggesting a tumor suppressor function (Fig 6). These 
findings reinforce the prognostic relevance of the selected 
genes, underscoring their potential as biomarkers for 
GBM pathogenesis and clinical stratification.

DISCUSSION
	 This study utilized a comprehensive bioinformatics 
framework to identify key differentially expressed genes 
(DEGs) and establish a prognostic model in glioblastoma 
multiforme (GBM), contributing novel insights into 
tumor biology and revealing potential biomarkers and 
therapeutic targets. Integration of four GEO datasets 
(GSE4290, GSE50161, GSE68848, and GSE116520) 
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Fig 6. Differential Expression Analysis of LASSO-Identified Prognostic Genes in GBM. (A-J) Box plots illustrate the mRNA expression 
levels of ten LASSO-selected prognostic genes— SPRY1, CD58, RCC1, E2F7, BUB1, FAM46A, TYMS, NEDD9, CHST14, and REPS2—in 
GBM tumor tissues (n = 163) versus normal brain tissues (n = 207) using TCGA and GTEx datasets. Red box plots denote GBM samples, 
while grey box plots represent normal tissues, with asterisks (*) indicating statistically significant differential expression (p < 0.05). Group 
expression differences were evaluated using Student’s t-test. Most genes, except REPS2, exhibited marked upregulation in GBM, underscoring 
their oncogenic potential, whereas REPS2 was significantly downregulated, suggesting a tumor suppressor role. These expression profiles 
further validate the diagnostic and prognostic relevance of the gene signature in GBM.

identified 108 overlapping DEGs—83 upregulated and 
25 downregulated—predominantly enriched in synaptic-
associated biological processes and signaling pathways. 
Notably, the enrichment of neuron projection, synaptic 
vesicle cycling, and chloride transmembrane transport 
pathways suggests that GBM cells may functionally 
integrate into neuronal networks. This observation is 
consistent with emerging evidence indicating that glioma 
cells exploit synaptic mechanisms to enhance proliferation, 
invasion, and therapeutic resistance, underscoring 
neuron–glioma interactions as pivotal determinants of 
GBM progression.33-36 These synaptic-like mechanisms, 
including GABAergic neurotransmission, represent an 
underexplored but promising therapeutic axis requiring 
further mechanistic and pharmacologic investigation.37-40 
	 Using LASSO regression, we identified a ten-gene 
prognostic signature (SPRY1, CD58, RCC1, E2F7, BUB1, 
FAM46A, TYMS, NEDD9, CHST14, REPS2) with diverse 
regulatory roles across cancer types. Several components 
of this signature—such as SPRY1 in MAPK signaling,41 
CD58-mediated immune modulation,42 RCC1 in mitotic 
regulation,43-45 and E2F7 in cell-cycle control46-48 —have 

been implicated in oncogenic progression. Likewise, BUB1 
family kinases contribute to chromosomal instability,49-51 

and upregulation of FAM46A,52 TYMS,53-55 NEDD9,56-58 

and CHST1459 has been associated with aggressive tumor 
phenotypes, while REPS2 exhibits tumor-suppressive 
properties in several malignancies.60 Collectively, these 
genes encompass biological pathways central to cell-cycle 
progression, apoptosis, immune evasion, and metastasis.
	 The ten-gene model demonstrated strong prognostic 
capacity, with AUC values of 0.718, 0.755, and 0.757 for 
1-, 3-, and 5-year overall survival, respectively, comparable 
to or surpassing previously published signatures.61,62 

Importantly, multivariate Cox analysis confirmed the 
risk score as an independent prognostic factor alongside 
clinical variables such as tumor grade and chemotherapy 
status, and integration into a nomogram further improved 
predictive performance, achieving an AUC of 0.906 at 
5 years.63,64 Expression validation in TCGA and GTEx 
datasets corroborated the differential expression patterns 
of all ten genes, including downregulation of REPS2, 
consistent with its tumor-suppressive role.65 
	 Our clinicopathologic correlation analysis further 
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supported the biological and clinical relevance of the risk 
model. High-risk patients were more frequently diagnosed 
with WHO grade IV tumors and IDH wild-type status, 
consistent with established indicators of aggressive GBM 
behavior. The positive correlation between age and risk 
score reinforces age as a contributing prognostic factor. 
Although MGMT methylation did not differ significantly 
between risk groups in this cohort, the ability of the gene 
signature to stratify survival independently of MGMT 
suggests that it captures molecular features beyond 
traditional markers. This implies that the synaptic-related 
signature may serve as a complementary tool rather 
than a replacement for MGMT, offering additional 
discrimination power in cases where conventional markers 
are insufficient. Clinically, this signature has the potential 
to complement established biomarkers—including MGMT 
methylation and IDH mutation status—by providing 
additional molecular stratification to guide individualized 
treatment planning.
	 Through this research, a comprehensive prognostic 
model for GBM was constructed, grounded in transcriptomic 
changes, and its reliability was substantiated by independent 
validation across multiple cohorts. Future studies 
incorporating functional experimentation and prospective 
clinical cohorts are warranted to elucidate mechanistic 
roles and support translation into therapeutic strategies.

CONCLUSIONS
	 This study identified a synaptic pathway-enriched 
ten-gene prognostic signature (SPRY1, CD58, RCC1, 
E2F7, BUB1, FAM46A, TYMS, NEDD9, CHST14, and 
REPS2) that can robustly stratify patients with glioblastoma 
based on survival risk. The model demonstrated strong 
predictive accuracy and independence from conventional 
clinical indicators, suggesting its potential value as a 
complementary tool for risk assessment and treatment 
planning. Our results reinforce the contribution of 
neuron–glioma interactions to GBM progression and 
highlight synaptic mechanisms as promising therapeutic 
entry points. While these findings provide a foundation 
for translational development, further in vitro and in 
vivo experimental validation, followed by prospective 
clinical studies, will be essential to confirm the biological 
relevance of this signature and support its integration 
into clinical workflows.
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in the Methods section.
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