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Background: Glioblastoma (GBM) is an aggressive malignancy of the central
nervous system characterized by rapid progression, therapeutic resistance, and
poor prognosis. Epithelial-mesenchymal transition (EMT) contributes to tumor
plasticity and immune remodeling in GBM. Identification of EMT-driving genes
(EDGs) with prognostic and therapeutic relevance may provide insights into
disease progression and precision management. This study aimed to
systematically identify prognostic EDGs and to construct a robust EMT-based
prognostic model for GBM.

Methods: Univariate Cox regression analyses were performed across five GBM
cohorts (TCGA, CGGA-693, CGGA-325, GSEB3300, and GSE74187) to rank genes
according to hazard ratios, followed by Gene Set Enrichment Analysis (GSEA),
which identified EMT as the pathway most strongly associated with adverse
survival. EMT-related genes from MSigDB and dbEMT2.0 were intersected with
TCGA-derived prognostic genes to obtain 145 EDGs. An EMT-related prognostic
signature was generated using LASSO Cox regression and validated in
independent datasets. Functional analyses, including Gene Ontology (GO),
Kyoto Encyclopedia of Genes and Genomes (KEGG), weighted gene co-
expression network analysis (WGCNA), and GSEA, elucidated biological
processes associated with the risk signature. Immune infiltration analyses
(ESTIMATE, CIBERSORT) and drug sensitivity analyses characterized the tumor
microenvironment and therapeutic response. Random Forest analysis and in vitro
assays identified and validated GJB2 as a key mediator of GBM progression.
Results: A total of 145 EDGs were identified by integrating survival-associated
genes from TCGA with EMT-related genes from MSigDB and dbEMT2.0. An EMT-
related prognostic signature was developed and validated across five GBM
cohorts. The risk score stratified patients into high- and low-risk groups with
significantly different survival outcomes and remained an independent
prognostic factor in multivariate Cox analyses. A nomogram integrating the
risk score with age, IDH mutation status, and MGMT promoter methylation
demonstrated strong predictive performance. Immune profiling revealed that
the high-risk group exhibited an “immune-inflamed yet immunosuppressed”
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phenotype characterized by elevated macrophage and regulatory T-cellinfiltration.
Drug sensitivity analyses suggested that high-risk GBM may respond better to
paclitaxel and tamoxifen. Random Forest modeling and in vitro experiments
identified GJB2 as an oncogenic driver that promotes GBM cell proliferation

and migration.

Conclusion: Our findings provide a clinically applicable EMT-based prognostic
framework that links transcriptional plasticity to patient outcomes in GBM and
identify GJB2 as a promising therapeutic target.

KEYWORDS

EMT-driving genes, epithelial-mesenchymal transition, GJB2, glioblastoma, prognostic
signature, tumor immune microenvironment

Introduction

Glioma is the most prevalent and aggressive primary tumor of
the central nervous system, noted for its rapid progression, elevated
rates of recurrence, and unfavorable prognosis (Tan et al., 2020).
Glioblastoma (GBM), classified as grade IV glioma, represents the
most malignant subtype and accounts for the majority of glioma-
related mortality worldwide (Ostrom et al., 2023). The current
standard of care for newly diagnosed GBM is an aggressive
multimodal treatment strategy comprising maximal safe surgical
resection, followed by radiotherapy with concurrent and adjuvant
temozolomide chemotherapy, a regimen commonly referred to as
the Stupp protocol (Stupp et al, 2005). However, despite this
intensive treatment, the prognosis for patients with GBM
remains poor. The primary challenges contributing to this dismal
outcome are nearly universal tumor recurrence and profound
therapeutic resistance, which limit the median overall survival to
a 15-18 months and the 5-year survival rate to under 10% (Thakkar
etal, 2014; Lan et al., 2025). To address this challenge, research has
increasingly focused on the complex biological processes that drive
GBM’s aggressiveness. Accumulating evidence suggests that glioma
progression is not solely driven by static genetic alterations but also
by phenotypic plasticity and dynamic remodeling within the tumor
microenvironment (TME), which collectively facilitate tumor cell
invasion, immune evasion, and treatment resistance (Gargini et al.,
2020; Sharma et al., 2023).

Among the molecular processes contributing to glioma
malignancy, Epithelial-mesenchymal transition (EMT) plays a
pivotal role. EMT is a fundamental biological process wherein
polarized epithelial cells lose key cell-cell adhesion molecules and
phenotype,
characterized by expression of markers such as N-cadherin and

acquire a migratory, invasive mesenchymal

vimentin (Kalluri and Weinberg, 2009). In epithelial carcinomas,
EMT activation is a well-established driver of tumor progression,
endowing cancer cells with the capacity for invasion and metastasis,

Abbreviations: GBM, Glioblastoma multiforme; EMT, Epithelial-mesenchymal
transition; PMT, Proneural-to-mesenchymal transition; EDGs, EMT-driving
genes; LASSO, Least absolute shrinkage and selection operator; WGCNA,
Weighted gene co-expression network analysis; GSEA, Gene set
enrichment analysis; RNAI, RNA interference; OS, Overall survival; TCGA,
The cancer genome atlas; GEO, Gene expression omnibus; CGGA, Chinese
Glioma Genome Atlas; GO, Gene ontology; KEGG, Kyoto encyclopedia of
genes and genomes; C-index, Concordance index; ROC, Receiver operating
characteristic; AUC, Area under the ROC curve; TMB, Tumor mutation burden;
TOM, Topological overlap matrix.

Frontiers in Cell and Developmental Biology

the acquisition of cancer stem cell (CSC) properties, and profound
therapeutic resistance (Nieto et al., 2016). Although glioblastoma
originates from neuroepithelial tissue and lacks a true epithelial
component, it undergoes a highly analogous process, often termed a
mesenchymal transition (MT) or EMT-like program (Iwadate, 2016;
Segerman et al, 2016). The mesenchymal glioblastoma subtype,
distinguished by EMR2 upregulation, is associated with increased
invasiveness and poor patient survival (Buzatu et al., 2024). This
transition is driven by multiple oncogenic and stress-related
signaling pathways, including TGF-p, STAT3, and NF-«B, which
collectively advantages and resistance to
chemoradiotherapy (Bhat et al, 2013; Lau et al, 2015).
(GSC) plasticity,
thereby

confer survival

Moreover, it sustains glioma stem cell

intratumoral heterogeneity, and immune evasion,
fostering aggressive tumor behavior and recurrence (Yabo et al,
2022; Luo et al,, 2023). Taken together, EMT-associated pathways
and transcriptional reprogramming represent key mechanisms
driving glioma progression and therapy resistance, underscoring
the importance of EMT-related genes for prognostic prediction and
patient stratification.

In recent years, numerous prognostic signatures based on
immune-, metabolic-, and ferroptosis-related gene sets have been
proposed to predict outcomes in GBM (Zhuo et al., 2020; Lei et al.,
2021; Tian et al.,, 2022; Ye et al,, 2022; Tu et al.,, 2025). Specifically,
several studies have also recognized the importance of EMT and
have developed prognostic models based on EMT-related gene sets
at the pan-glioma level (Luo et al., 2022; Fu et al., 2024; Zheng et al.,
2024). However, many of the existing EMT-related models face
significant limitations, including small sample sizes derived from
single cohorts, lack of validation across diverse independent
datasets, and insufficient integration with key clinical prognostic
factors such as age, IDH mutation status, and MGMT promoter
methylation, which remain the cornerstones of GBM risk
stratification (Takashima et al., 2019; Wu et al., 2022; Xiao et al,,
2023). Consequently, a distinct and pressing requirement persists for
the creation and validation of a more comprehensive and robust
prognostic signature that incorporates an innovative, systematically
identified EMT-related genes with these essential clinical variables to
improve the accuracy and clinical applicability of outcome
prediction for GBM patients.

In this study, we developed and validated a clinically relevant
prognostic signature for GBM based on EMT-related genes. Based
on univariate Cox regression analyses across five independent GBM
datasets, followed by gene set enrichment analysis (GSEA), we
identified EMT as one of the most significantly enriched
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FIGURE 1
The flowchart of the whole study.

pathways associated with poor overall survival. These findings
suggested that EMT activation might represent a key biological
process underlying GBM aggressiveness and patient prognosis.
Guided by this finding, we next sought to construct an EMT-
associated prognostic signature. Specifically, we systematically
identified a set of prognostic EMT-driving genes (EDGs) by
integrating univariate Cox regression results from multiple
independent glioblastoma cohorts available in the TCGA, CGGA,
and GEO databases with established EMT gene sets from the
MSigDB and dbEMT2.0 databases. Using these EDGs, we
developed a prognostic signature through LASSO-Cox regression,
which demonstrated high predictive accuracy and was successfully
validated in multiple independent datasets. Among the genes
constituting our signature, Random Forest analysis identified
GJB2 as the most pivotal gene for predicting prognosis. We then
experimentally validated that knockdown of GJB2 significantly
inhibited the proliferation, migration, and invasion of GBM cells
in vitro. Collectively, our study not only provides a robust, clinically
integrated EMT-based signature for improved risk stratification in
GBM but also identifies and validates GJB2 as a key driver and
potential therapeutic target within this malignant process.

Materials and methods
Data acquisition

Patient data from publicly available glioblastoma (GBM) cohorts
were collected from The Cancer Genome Atlas (TCGA, https://
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portal.gdc.cancer.gov/), Gene Expression Omnibus (GEO, https://
www.ncbi.nlm.nih.gov/geo/), and the Chinese Glioma Genome
Atlas (CGGA, https://www.cgga.org.cn/). After excluding samples
without available survival information or with an overall survival
time of <30 days, 471 GBM samples were included in the final
analysis. The TCGA-GBM dataset (n = 146) was used as the
discovery cohort for model development and internal validation.
For external validation, datasets from GEO (GSE83300, n = 50;
GSE74187, n = 59) and CGGA (CGGA-693, n = 132; CGGA-325,
n = 84) were utilized to external validation to assess model
robustness and generalizability. Genes with a median raw count
of 0 across samples were removed prior to DESeq2 normalization
and variance-stabilizing transformation. All datasets were
preprocessed using log2 transformation and normalization. For
count-based RNA-seq data, normalization was performed with
DESeq2. This
approach was adopted to ensure comparability across datasets.

The overall workflow of the study is visually represented in Figure 1.

(https://bioconductor.org/packages/DESeq2/).

Identification of prognosis-associated
pathways by GSEA

Following the exclusion of samples lacking clinical information,
we performed univariate Cox regression analysis within each cohort
to evaluate the prognostic relevance of each gene. Log2-transformed
hazard ratios (log2HRs) were used to quantify each gene’s
association with survival, thereby distinguishing putative risk-
associated from protective genes. Genes were subsequently
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ranked according to their log,HR values for Gene Set Enrichment
Analysis (GSEA), which was performed to identify hallmark
The
hallmark gene sets were downloaded from the Molecular
Signatures Database (MSigDB, accessed in March 2025).

biological pathways associated with patient survival.

Identification of EMT-driving genes

Based on the GSEA results, HALLMARK_EPITHELIAL_
MESENCHYMAL_TRANSITION (EMT) was identified as one of
the top pathways influencing the survival of GBM patients. Based on
this finding, we collected all currently known EMT-related genes
through literature review and database search. A total of 1,317 EMT-
associated genes were obtained from the MSigDB (accessed in
March 2025) and the dbEMT2.0 database (http://dbemt.bioinfo-
minzhao.org/, accessed in March 2025). This combined strategy has
been adopted in recent transcriptome-based prognostic studies to
ensure both biological relevance and adequate pathway coverage (Li
et al,, 2024). In the TCGA-GBM cohort, prognostic genes that
exhibited a significant correlation with overall survival (P < 0.05)
were identified. Univariate Cox analysis with a nominal P < 0.
05 threshold was used as an initial feature-reduction step prior to
LASSO Cox regression and multivariate modeling. The resulting
prognostic genes were then intersected with EMT-related genes
obtained from MSigDB and dbEMT2.0, resulting in 145 EMT-
driving genes (EDGs) for subsequent analysis.

Construction and validation of a prognostic
signature based on EDGs

The TCGA cohort was randomly split into training and testing
sets at a 1:1 ratio. No stratification by clinical covariates was applied
at the data-splitting stage. Univariate Cox proportional hazards
models were first applied to screen EMT-driving genes (EDGs)
associated with overall survival in the training set. To further refine
prognostic candidates, LASSO-penalized Cox regression was
implemented using the glmnet R package. Gene expression
predictors automatically standardized (standardize =
TRUE), and the optimal penalty parameter (\) was determined

were

by 10-fold cross-validation using the cv. glmnet function. The A
value corresponding to the minimum cross-validated partial
likelihood deviance (lambda.min) was selected. Genes retained at
this A were subsequently entered into a multivariable Cox regression
model to identify independent prognostic genes. To compute the
risk score for each individual patient, we employed a specific
formula: Risk Score = (exp genel x coefl) + (exp gene2 x coef2)
+ -+ + (exp gene n x coefn). In this equation, “exp” denotes the
mRNA expression levels of the respective genes, while “coef”
signifies the regression coefficients obtained from the multivariate
Cox regression analysis. Utilizing the calculated median risk score,
we classified glioblastoma (GBM) patients into two categories: high-
risk and low-risk groups. Subsequently, we conducted Kaplan-Meier
survival analysis to compare the survival rates between these two
classifications. The statistical significance of the observed differences
was assessed through the log-rank test. Furthermore, we executed
Time-dependent receiver operating characteristic (ROC) curve
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analysis using the pROC R package (Robin et al, 2011),
concentrating on survival outcomes at 1-year, 2-year, and 3-year
intervals to evaluate the predictive capability of our gene signature.
The area under the ROC curve (AUC), along with sensitivity and
specificity metrics, were utilized to determine predictive accuracy.
To validate the robustness and reliability of the expression-derived
gene signature (EDGs), we performed independent validation
internally in the TCGA test set and the full TCGA cohort as well
as four external datasets (GSE83300, GSE74187, CGGA-693, and
CGGA-325). This methodology was designed to ascertain the
generalizability —and results

consistency of our across

diverse datasets.

Association between EDGs signature and
clinicopathological characteristics

The associations between the EDG-based risk signature and
clinicopathological characteristics were depicted utilizing the R
packages ggplot2 (https://CRAN.R-project.org/package=ggplot2),
ggpubr  (https://CRAN.R-project.org/package=ggpubr),  and
pheatmap (https://CRAN.R-project.org/package=pheatmap).
Stratified survival analyses were implemented with the survival
(https://CRAN.R-project.org/package=survival) and survminer
(https://CRAN.R-project.org/package=survminer)  packages to
assess the prognostic relevance of the signature within different
subgroups. Additionally, both univariate and multivariate Cox
regression analyses were carried out using the survival package to
determine whether the risk score served as an independent

prognostic factor.

Genomic alterations and tumor
mutational burden

The evaluation of tumor mutational burden (TMB) and
mutation profiles across high-risk and low-risk cohorts was
conducted utilizing R packages such as maftools (Mayakonda
et al., 2018), ggplot2, and forestplot (accessible at https://CRAN.
R-project.org/package=forestplot).

Nomogram construction

The prognostic nomogram was created utilizing the rms R
package (available at https://CRAN.R-project.org/package=
rms) and included prognostic variables such as age, IDH
status, MGMT promoter methylation status, and risk score.
To validate the nomogram’s reliability, calibration curves
were used to examine the relationship between the predicted
probabilities and actual outcomes, thereby assessing predictive
accuracy. An additional evaluation of the predictive efficacy was
conducted by calculating the concordance index (C-index) and
time-dependent AUCs. This analysis was performed utilizing
the R packages riskRegression (accessible at https://CRAN.R-
project.org/package=riskRegression) and timeROC (Blanche
et al, 2013), facilitating a quantitative appraisal of the
model’s discriminatory power.
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WGCNA

A weighted gene co-expression network was constructed
utilizing the WGCNA R package (Langfelder and Horvath, 2008)
to identify gene modules associated with the EDG-based risk score.
Within the TCGA-GBM dataset, soft-thresholding power of 12 was
applied to maintain the scale-free topology of the network. Network
construction and module detection were performed using the
blockwiseModules function with a minimum module size of
100 genes, and modules with highly similar expression profiles
were merged using a cut height of 0.25 (mergeCutHeight = 0.25).
Genes exhibiting similar expression profiles were organized into
separate modules, with the module demonstrating the strongest
correlation to the EDGs signature being chosen for further
functional enrichment analysis.

Functional enrichment analyses

Analyses for functional enrichment, which encompassed Gene
Ontology (GO), Kyoto Encyclopedia of Genes and Genomes
(KEGG), and Hallmark pathway evaluations, were conducted
utilizing the R packages clusterProfiler, org. Hs.eg.db (https://
bioconductor.org/packages/org.Hs.eg.db/), and enrichplot (https://
bioconductor.org/packages/enrichplot/).

GSEA

We performed Gene Set Enrichment Analysis (GSEA) to assess
hallmark pathways that showed significant enrichment in the high-
risk and low-risk groups. Genes were ordered based on their
differential expression between these cohorts, and pathway
enrichment analysis was carried out using the “clusterProfiler” R
package (Xu et al., 2024). Pathways with adjusted p-values less than
0.05 were deemed significantly enriched.

Immune infiltration analysis

The ESTIMATE R package (Yoshihara et al., 2013) was utilized
to evaluate the immune infiltration and the tumor immune
microenvironment by calculating immune scores, stromal scores,
and composite scores from ESTIMATE. Additionally, the GSVA R
package (Hanzelmann et al, 2013) was used to perform single-
sample gene set enrichment analysis (ssGSEA) to measure the
infiltration levels of 28 subsets of tumor-infiltrating immune
cells. To assess the relationship between immune cell infiltration
levels and risk scores, Spearman correlation analyses were employed.

Drug sensitivity analysis

To identify potential therapeutic agents associated with the
EMT-based risk signature, we turned to the CellMiner database
(http://discover.ncinih.gov/cellminer/) (Reinhold et al., 2012) to
analyze the association between the risk score and drug
sensitivity. Given the limited number of glioblastoma-derived cell
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lines in the NCI-60 panel, this analysis was designed as an
exploratory, hypothesis-generating study. Further experimental
validation in GBM-relevant cellular models will be required to
assess the translational relevance of the identified associations.
The analysis covered 216 drugs that have received FDA approval
and 574 compounds being tested in clinical trials. Due to the limited
number of glioblastoma-derived lines, a pan-cancer framework was
adopted. For each cell line, the risk score was computed from the
expression of the five signature genes, and lines were classified as
high- or low-risk based on the median score. In the NCI-60 drug
response analysis, cell lines/drugs with >60% missing values were
excluded to reduce instability. Pearson correlation was used to
evaluate the relationship between IC50 values and risk scores,
while Wilcoxon rank-sum tests compared drug sensitivities
between subgroups. Cell lines with >60% missing data were
excluded, and all plots were generated using ggplot2 in R. These
analyses were based on cell-line data and did not incorporate data
obtained from patients.

Cell culture

The human glioblastoma cell lines U251 and U87 were obtained
from HyCyte™ (China). Both cell lines were cultured in DMEM
(PM150210, Procell, China), supplemented with 10% fetal bovine
serum (164210, Procell, China) and 1% penicillin-streptomycin
solution (PB180120, Procell, China). All cells were grown at
37 °C in a humidified atmosphere with 5% CO,.

GJB2 knockdown

To silence GJB2, custom-synthesized small hairpin RNAs
(shRNAs) sequences (Sangon Biotech (Shanghai) Co., Ltd.)
targeting GJB2 and cloned into the pLKO.l vector (Addgene,
Watertown, MA, United States). Primer sequences are shGJB2-F:
5'- CCGGGTCTTCACAGTGTTCATGATTCTCGAGAATCA
TGAACACTGTGAAGACTTTTTG-3', shGJB2-R: 5-AATTCA
AAAAGTCTTCACAGTGTTCATGATTCTCGAGAATCATGA
ACACTGTGAAGAC-3'. Lentiviral packaging was conducted in
293T cells utilizing second-generation packaging plasmids,
specifically psPAX2 and pMD2. G (Addgene). U251 and U87
cells were infected with either control (shNC) or GJB2-targeting
(shGJB2) lentivirus for 48 h, followed by puromycin selection to
establish stable knockdown cell lines.

Western blot

The Western blot procedure followed methods reported in
earlier studies (Fan et al, 2023; Liu et al., 2025) with minor
modifications. Cells were lysed in RIPA buffer supplemented
with a protease inhibitor cocktail to extract total protein, and
total protein concentrations were quantified using the BCA
(Abiowell, AWB0104b, China).
quantities of protein were separated using SDS-PAGE and

Protein Assay Kit Equal

subsequently transferred onto Hybond ECL membranes (GE

Healthcare, Chicago, IL, United States). After blocking,
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membranes were incubated overnight at 4 °‘C with GJB2
(Proteintech,1:1000 16960-1-AP, China), E-cadherin (Sellect, 1:
1000, TA0131, China), N-cadherin (Abmart, 1:1000, T55015,
China) and anti-Tubulin (Abiowell, 1:10000, AWAS80025, China)
primary antibodies, followed by HRP-conjugated secondary
antibodies. Signals were visualized using ECL (Suzhou Xinsaimei
Biotechnology Co., Ltd., P10100, China). Each assay was
independently repeated in triplicate to ensure the reliability of
the results. Each assay was independently repeated in triplicate to
ensure the reliability of the results.

Cell proliferation assay

Cell proliferation was evaluated using the CCK8 assay (Abiowell,
AWCO0114, China). U251 and U87 cells transfected with either satNC
or shGJB2 were resuspended in complete culture medium and
seeded into 96-well plates (I x 103 cells/well). At the indicated
time points, 10 pL of CCK-8 solution was added to each well, and the
plates were incubated for 1.5 h at 37 °C under standard culture
conditions. The absorbance was recorded at 450 nm using a
microplate reader to determine cell viability. Each experiment
was performed with five biological replicates (n = 5) to ensure
reproducibility and statistical reliability.

Wound healing assay

A wound-healing assay was conducted to assess the
migratory capacity of glioma cells. U251 and U87 cells stably
expressing shNC or shGJB2 were seeded in six-well plates at a
density of 5 x 10* cells/mL and cultured until a confluent
monolayer formed. A linear scratch was created across the
cellular monolayer utilizing a sterile 200 pL pipette tip,
followed by the elimination of cellular debris through rinsing
with PBS. The cells were then cultured in serum-free medium
under standard conditions. Images were captured at 0 hand 24 h
after  scratching using a phase-contrast microscope
at x10 magnification. The wound closure was analyzed with
Image] software, and the migration rate was expressed as:

Wound healing rate = (0 h area - 24 h area)/(0 h area) x 100%.

Transwell assay

Cell invasion was assessed using a Transwell chamber assay
(BIOFIL, China). U251 and U87 cells stably expressing shNC or
shGJB2 were suspended in serum-free DMEM and seeded into the
upper chambers at a density of 1 x 10’ cells per 100 pL. The lower
chamber was filled with 600 pL of DMEM containing 10% FBS as a
chemoattractant. Following incubation for 12 h at 37 “Cina 5% CO,
atmosphere, cells that remained on the upper surface were carefully
removed, while those that had migrated to the lower surface were
fixed with 4% paraformaldehyde for 15 min and stained with 0.1%
crystal violet for 20 min. Cell counts were performed in five
randomly selected fields, and ImageJ software was used for
quantitative analysis. All assays were repeated in triplicate. The
Number of invading cells were quantified in Image].
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Statistical analysis

Statistical analyses were performed using R software (version
4.2.2). Key packages included DESeq2 (v1.48.1), glmnet (v4.1-10),
pROC (v1.19.0.1), clusterProfiler (v4.16.0), GSVA (v2.2.0), estimate
(v1.0.13), WGCNA (v1.73), survival (v3.8-3), survminer (v0.5.0),
maftools (v2.24.0), rms (v8.0-0), riskRegression (v2025.5.20), and
timeROC (v0.4). Experimental data, including qPCR, CCK-8,
colony formation, and migration assays, were analyzed using
GraphPad Prism (version 9.5). Each experiment included at least
three independent biological replicates. Two-group comparisons
were performed using two-tailed Student’s t-tests, and significance
was defined as P < 0.05 (*P < 0.05; **P < 0.01; ***P < 0.001; **™*P <
0.0001). Univariate Cox regression models were employed to
evaluate the prognostic implications of EMT-driving genes, and
multiple testing correction was applied using the Benjamini-
Hochberg false discovery rate (FDR) method. Genes with FDR-
adjusted P < 0.05 were considered significant. Correlations between
risk scores and immune cell infiltration were calculated using
Spearman’s rank correlation. FDR correction was also applied to
correlation analyses, with adjusted P < 0.05 regarded as significant.

Results

Identification of EDGs based on GSEA and
Ccox regression analysis

To explore genes associated with survival in GBM, we first
performed univariate Cox regression analysis on mRNA transcripts
in the TCGA-GBM cohort. The hazard ratios (HRs) for each gene
was subsequently log,-transformed (log2HR) to better quantify its
relative contribution to patient risk, allowing clearer distinction
between risk-associated and protective genes. Genes were then
ranked according to their transformed HR values, and this
ranked gene list was subjected to GSEA to identify biological
pathways enriched among genes conferring higher risk. As
shown in Figure 2, GSEA revealed that genes associated with
increased hazard were predominantly enriched in the
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
(EMT) pathway. This result suggested that EMT-related
biological processes are associated with adverse outcomes in
GBM patients. To verify this finding, the same analysis was
applied to four independent external GBM datasets (GSE83300,
GSE74187, CGGA-693, and CGGA-325). The CGGA cohorts
(derived largely from Chinese patients) provide paired
transcriptomic and clinical annotation. Consistent with the
TCGA, EMT was among the top enriched pathways across
the validation cohorts, prompting us to further evaluate EMT
activity at the sample level. We next quantified EMT pathway
activity in each GBM sample using gene set variation analysis
(GSVA) based on the hallmark EMT gene set. The resulting
GSVA scores were used to represent the relative EMT activity of
individual samples. Patients were subsequently stratified into
high-EMT and low-EMT groups according to the GSVA score
cutoff. Kaplan-Meier survival analysis revealed that patients
with higher EMT scores exhibited significantly worse overall
survival compared to those with lower scores. Importantly, this
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FIGURE 2

Identification and validation of EMT as a key prognostic pathway in GBM. To explore biological pathways associated with GBM prognosis, five
independent transcriptomic datasets (TCGA-GBM, CGGA-325, CGGA-693, GSE74187, and GSE83300) were analyzed using Cox regression-based
pathway enrichment analysis. Hallmark pathway enrichment analyses based on log,HR values from univariate Cox regression revealed EMT as one of the
most significantly enriched pathways associated with poor survival across all five cohorts (A—E). Gene set enrichment analysis demonstrated
significant enrichment of the EMT pathway in the high-risk group, supporting its association with adverse clinical outcomes (F-J). Kaplan-Meier survival
analyses based on ssGSEA-derived EMT scores demonstrated that patients with high EMT activity exhibited significantly shorter overall survival compared
with those with low EMT activity in each dataset (K—O). Abbreviations: GBM, Glioblastoma multiforme; EDGs, EMT-driving genes; EMT, HALLMARK_
EPITHELIAL_MESENCHYMAL_TRANSITION; log>HR, log,-transformed hazard ratio; GSEA, gene set enrichment analysis; NES, normalized enrichment

score; ssGSEA, single-sample GSEA.

trend was consistently observed across all four external
validation cohorts, further supporting the relevance of EMT
pathway activation in GBM malignancy.

Encouraged by these findings, we next sought to systematically
identify EMT-associated genes with potential prognostic relevance in
GBM. To this end, genes that showed statistically significant associations
with overall survival in univariate Cox regression analysis of the TCGA-
GBM cohort were intersected with EMT-related genes obtained from the
dbEMT2.0 (http://dbemt.bioinfo-minzhao.org/) and MSigDB databases.

Frontiers in Cell and Developmental Biology

By intersecting these datasets, we identified a total of 145 EMT-driving
genes (EDGs) for model development (Supplementary Table SI).

Construction and validation of the
EDGs signature

First, to construct and validate the prognostic model, the TCGA-
GBM cohort was evenly split into a training cohort and an internal
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FIGURE 3

Construction of the EDGs signature. Ten-fold cross-validation curve of the LASSO Cox model showing partial likelihood deviance across A values (A).
Coefficient trajectories of EMT-related genes across the \ sequence in the LASSO Cox regression (B). Multivariate Cox regression analysis of the identified
prognostic EDGs (C). Risk coefficients of the prognostic EDGs (D). Risk score distribution (top) and survival status of GBM patients (bottom) (E). Heatmap
displaying the expression profiles of the prognostic EDGs in high-risk and low-risk groups (F). Kaplan-Meier survival analysis comparing OS between
high-risk and low-risk patients (G). ROC curve analysis for 1-year, 2-year, and 3-year OS (H). Chromosomal locations of the five genes in the EDGs
signature (1). Risk groups were defined using the median risk score as the cutoff. Abbreviations: EDGs, EMT-driving genes; LASSO, least absolute shrinkage
and selection operator; GBM, Glioblastoma multiforme; OS, overall survival; ROC, receiver operating characteristic; AUC, area under the curve. Statistical

significance: *p < 0.05.

testing cohort. Additionally, four independent external validation
cohorts, including two GEO datasets (GSE83300 and GSE74187)
and two CGGA cohorts (CGGA-693 and CGGA-325) were used.
Out of the 145 genes found to have significant associations with
EMT following univariate Cox analysis, LASSO-Cox regression
further narrowed the list to 9 candidates, and multivariate Cox
regression finally identified 5 genes (TGM2, FAM3C, MARVELDI,
GJB2, and KDM5B), which together formed the basis of the EMT-
related risk score (Figures 3A-C). The risk score model was
developed based on these five genes, and its calculation formula
is as follows: Riskscore = 0.36681 x TGM2 + 0.55268 x FAM3C +
0.64165 x MARVELDI + 0.22246 x GJB2 — 0.57815 x KDM5B
(Figure 3D). Patients were stratified into high-risk and low-risk
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groups according to the median risk score. The risk score
distribution, patient classification, and survival time for the two
groups are illustrated in Figure 3E, while Figure 3F displays the
expression patterns of five genes across the different risk groups.
Figure 3G indicates that when patients were stratified into high-
the high-risk group exhibited
significantly shorter overall survival. Time-dependent ROC
analysis was validate the
robustness of the signature, resulting in AUC values of 0.789,

and low-risk categories,

curve performed to further
0.865, and 0.907 for 1-, 2-, and 3-year overall survival,
respectively (Figure 3H). These results indicate strong
discrimination in the TCGA internal cohorts. Figure 3I
presents the chromosomal locations of the five genes.
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FIGURE 4

Validation of the EDGs signature. Validation of the EDGs signature in independent cohorts without data merging. Heatmap displaying the expression
profiles of the prognostic EDGs between high-risk and low-risk groups in the TCGA-test, TCGA-entire, CGGA-325, CGGA-693, GSE74187, and
GSE83300 cohorts (A). Risk score distribution (top) and survival status (bottom) of GBM patients in the six cohorts (B). Kaplan-Meier survival analysis
comparing OS between high- and low-risk patients in the six cohorts (C). ROC curve analysis for 1-year, 2-year, and 3-year OS in the six cohorts (D).
Abbreviations: EDGs, EMT-driving genes; GBM, Glioblastoma multiforme; TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas; GEO,
Gene expression omnibus; OS, overall survival; ROC, receiver operating characteristic; AUC, area under the curve.

To further evaluate the dependability and efficacy of the EDGs
signature, survival analysis alongside ROC analysis was conducted
in the TCGA test set and the full TCGA cohort as well as four
external cohorts (GSE83300, GSE74187, CGGA-693, and CGGA-
325). The risk score distribution and survival status among GBM
patients are illustrated in Figures 4A,B. The Kaplan-Meier survival
analysis (Figure 4C) demonstrated that, when evaluating both
internal and external cohorts, individuals classified within the
low-risk category displayed significantly improved survival rates
in comparison to their high-risk counterparts, consistent with
findings from the training cohort. Additionally, the ROC analysis
revealed that the AUC values were consistently elevated across

Frontiers in Cell and Developmental Biology

various cohorts, thereby supporting the robustness of this
signature (Figure 4D).

Association between EDGs signature and
clinicopathological characteristics

In order to evaluate the clinical significance of the EDGs
signature, we conducted an extensive correlation analysis with
various clinicopathological features. The results, illustrated in
heatmaps and box plots (Figures 5A,B), demonstrated notable
between the EDGs and  diverse

associations signature
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FIGURE 5

Clinical Relevance and Genomic Landscape of the EDGs Signature in GBM. Heatmap displaying the relationship between the EDGs signature and
various clinicopathological features, including age, gender, IDH status, MGMT promoter status and survival status (A). Box plots illustrating the distribution
of risk scores across different clinical subgroups (B). Kaplan-Meier survival analysis for patients stratified by age (C,D), gender (E,F), IDH status (G,H), MGMT
promoter status (1,J). Mutation landscape of the low-risk (K) and high-risk (L) groups, showing the frequency and distribution of somatic mutations in
GBM patients. Mutation profiles are shown to illustrate differences in genomic alteration patterns between risk groups. Abbreviations: EDGs, EMT-driving

genes. TMB, tumor mutation burden.

clinicopathological characteristics. Specifically, it was found that
patients aged >60 years, those with IDH mutation, and individuals
who had succumbed to their illness presented with elevated risk
scores. Additionally, the stratified analysis indicated that within
distinct subgroups categorized by age, sex, IDH status, and MGMT
promoter methylation, patients classified as high-risk consistently
displayed inferior OS outcomes (Figures 5C-]). Importantly, the
prognostic relevance of this signature remained robust across
various clinical subgroups, thereby reinforcing its credibility.

Analysis of genomic alterations revealed that Overall mutation
frequency was in the low-risk cohort was markedly higher in
comparison to that in the high-risk cohort (90% vs. 85.51%)
(Figures 5K,L).

Nomogram construction
In order to evaluate whether our identified signature functions

as an independent prognostic indicator for patients diagnosed with
GBM, we performed both univariate and multivariate Cox
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regression analyses. The findings revealed that both the risk score
and patient age served as independent prognostic factors (Figures
6A.B), suggesting that the risk score remained independently
associated with the prognosis of GBM of other clinical
parameters. To improve the clinical relevance of our research, we
developed a nomogram model that integrates key prognostic
variables, including age, IDH status, MGMT promoter status,
and the risk score (Figure 6C).

The developed nomogram serves as an interpretable tool for
predicting overall survival in patients diagnosed with GBM, thus
improving the clinical utility of the associated risk score. The results
revealed that the nomogram exhibited strong predictive accuracy for
overall survival at the 1-year, 2-year, and 3-year marks in GBM
patients (Figure 6D). Notably, the C-index for the nomogram
showed a substantial enhancement when compared to individual
predictors (Figure 6E), emphasizing the benefits of utilizing a
combined model. Additionally, the ROC AUC values for
predicting overall survival at 1 year, 2 years, and 3 years using
the nomogram were recorded at 0.758, 0.793, and 0.913, respectively
(Figure 6F), further reinforcing the efficacy and clinical significance
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FIGURE 6

Nomogram construction and validation. Univariate (A) and multivariate (B) Cox regression analyses of prognostic factors, including clinical and the
EDGs signature. Nomogram incorporating significant prognostic factors for predicting 1-year, 2-year, and 3-year OS (C). Calibration curves assessing the
predictive accuracy of the nomogram for 1-year, 2-year, and 3-year OS (D). Time-dependent C-index comparison between the nomogram and individual
prognostic factors (E). ROC curve analysis for 1-year, 2-year, and 3-year OS predictions using the nomogram (F). Kaplan-Meier survival analysis based

on nomogram-derived risk stratification (G). Abbreviations: OS, overall survival; Concordance index, C-index; GBM, Glioblastoma multiforme; ROC,

receiver operating characteristic; AUC, area under the curve.

of this prognostic nomogram. Consistently, according to the
Kaplan-Meier survival curves, patients classified with higher
nomogram scores experienced significantly poorer OS compared
with those with lower scores (Figure 6G).

WGCNA and GSEA

To investigate the gene modules related to the EDGs signature,
we conducted a weighted gene co-expression network analysis
(WGCNA). Within the TCGA-GBM dataset, a soft-thresholding
power of B = 12 was utilized, resulting in the identification of
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12 unique gene modules through the application of the topological
overlap matrix (TOM) (Figure 7A). Notably, the blue module
demonstrated the most significant association with the risk score
(Figure 7B). Subsequent analyses indicated that the blue module
exhibited the highest positive correlation with the risk score, yielding
a correlation coefficient of 0.6 and P < 1 x 107>* (Figure 7C). We
conducted enrichment analyses for Gene Ontology (GO) and the
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways on
genes associated with the blue module. The pathways were ranked
by P-value to identify the most significantly enriched biological
functions and signaling processes. Functional annotation showed
that genes in the blue module were predominantly linked to
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FIGURE 7

WGCNA and Pathway Enrichment Analyses of the EDGs Signature. WGCNA was performed using standard parameters to identify co-expression
modules associated with risk groups (A). Module-trait relationship heatmap showing the correlation between gene modules and risk groups (B). Scatter
plot illustrating the correlation between gene significance and module membership in the blue module (C). GO enrichment analysis of genes in the blue
module (D). KEGG pathway enrichment analysis of genes in the blue module (E). Hallmark pathway enrichment analysis of genes in the blue module

(F). Bubble plot showing hallmark pathways significantly enriched in the high-risk and low-risk groups based on GSEA (G). Enrichment plots of key
hallmark pathways activated in the high-risk group (H). Enrichment plots of immune-related hallmark pathways suppressed in the high-risk group (I).
Abbreviations: WGCNA, weighted gene co-expression network analysis; EDGs, EMT-driving genes; GO, gene ontology; KEGG, Kyoto encyclopedia of

genes and genomes. GSEA, gene set enrichment analysis.

immune-related processes. GO analysis highlighted enrichment in
leukocyte-mediated immunity, immune receptor activity, and
components of the plasma membrane (Figure 7D), while KEGG
pathways mainly involved cytokine interactions, chemokine
signaling, and CAMs (Figure 7E). In line with these findings,
Hallmark analysis revealed activation of immune processes such as
inflammatory and interferon-y responses, allograft rejection,
complement  activation, and IL2-STAT5 and IL6-JAK-
STATS3 signaling (Figure 7F). Furthermore, GSEA was conducted
to investigate the potential biological differences between the high-
and low-risk groups defined by the EMT-related prognostic signature.
The analysis revealed that the high-risk group was markedly enriched
in immune and inflammation-related pathways, including
inflammatory response, IL6-JAK-STAT3 signaling, IL2-STAT5
signaling, TNFa signaling via NF-kB, interferon-alpha and gamma
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responses, and epithelial-mesenchymal transition (Figures 7G,H).
Conversely, the low-risk group showed enrichment in pathways
related to apoptosis, KRAS signaling, WNT/B-catenin signaling,
coagulation, pancreatic beta cell function, and spermatogenesis
(Figure 71). These findings suggest that high-risk tumors are
characterized by enhanced immune activation and inflammatory
signaling, whereas low-risk tumors exhibit greater enrichment of
metabolic and differentiation-related processes, reflecting distinct
biological behaviors associated with EMT-mediated malignancy.

Immune infiltration analysis

Evaluation of the tumor immune microenvironment revealed a
distinctive immune activation profile in the high-risk group, with
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FIGURE 8

Immune infiltration analysis in high- and low-risk GBM patients. Immune infiltration was estimated using ssGSEA. Box plots comparing ESTIMATE
score, immune score, and stromal score between high- and low-risk groups (A). Heatmap displaying the infiltration levels of tumor-infiltrating immune
cells in high- and low-risk groups based on ssGSEA (B). Violin plots showing the distribution of immune cell infiltration levels between high- and low-risk
groups (C). Correlation between risk scores and immune cell infiltration (D). Abbreviations: GBM, Glioblastoma multiforme; ssGSEA, single-sample
gene set enrichment analysis. Statistical significance: **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant.

significantly higher immune, stromal, and ESTIMATE scores
compared with the low-risk group (Figure 8A). Consistently,
infiltration of diverse immune cell subsets was elevated in these
patients, suggesting that immune infiltration was higher in the high-
risk group, consistent with the observed adverse survival
(Figure 8B). To further dissect the immune composition, ssGSEA
was applied to quantify the infiltration of 28 immune cell subsets. As
shown in Figure 8C, the high-risk group exhibited widespread
elevation across both effector and
populations. Enrichment of activated CD8* and memory CD4"

immunosuppressive
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T cells, NK cells, and dendritic cells was observed in the high-
risk group, suggesting an intensified immune response within the
tumor microenvironment. Meanwhile, the proportions of regulatory
T cells (Tregs) and myeloid-derived suppressor cells (MDSCs) were
also increased, reflecting the coexistence of suppressive immune
components. These results collectively suggest that high-risk tumors
yet
by
infiltration yet potentially impaired antitumor immune efficacy.

possess an  “immune-inflamed immunosuppressed”

microenvironment,  characterized abundant immune

Additional correlation analysis showed a positive association
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FIGURE 9

Exploratory analysis of the association between the EDGs signature and drug sensitivity in the NCI-60 cell line panel. Scatter plots showing the
negative correlation between the risk score and IC50 values for several drugs, including Barasertib, EMD-534085, Tamoxifen, Paclitaxel, XK-469,
Elliptinium Acetate, DOLASTATIN 10, Docetaxel, Hydrastinine HCL, and Lexibulin (A). Boxplots comparing IC50 values for the above drugs, along with the
added Streptozocin and Epirubicin Acetate, between high-risk and low-risk groups (B). Abbreviations: EDGs, EMT-driving genes. Statistical
significance: *p < 0.05, **p < 0.01, ***p < 0.001, IC50 half maximal inhibitory concentration.

between the risk score and multiple immune cell types (Figure 8D).
Key cell types, including Activated CD4 T cell, Activated CD8 T cell,
activated dendritic cell, Central memory CD8 T cell, Macrophage,
and Natural killer T cell, showed positive correlations with risk
score, as indicated in the heatmap. Immature B cell, Mast cell, and
Plasmacytoid ~dendritic exhibited particularly
associations, while only a few cell types showed weak or non-

cell strong
significant correlations. These results suggest that higher risk
scores may correlate with increased infiltration or activation of
these ~ immune  cells, a immune

reflecting specific

microenvironment feature.

Drug sensitivity analysis

To nominate candidate agents for GBM patients with high
EMT-related risk scores, we analyzed the correlation between
the risk score and drug sensitivity using the CellMiner database.
Correlation analysis revealed that the EMT-based risk score was
significantly negatively correlated with the IC50 values of
multiple compounds, indicating that high-risk samples were
more sensitive to these drugs. As shown in Figures 9A,B, the
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1C50 values of Barasertib, EMD-534085, Tamoxifen, Paclitaxel,
XK-469, Elliptinium Acetate, DOLASTATIN 10,
STREPTOZOCIN, Docetaxel, Hydrastinine HCI, Lexibulin,
and Epirubicin were markedly lower in the high-risk group
than in the low-risk group. These findings suggest that
patients classified as high risk according to the EMT
these
opportunities

signature may be more responsive to agents,

highlighting potential for this

aggressive GBM subtype.

therapeutic

Identification of GJB2 as the most important
gene in EDGs signature

To pinpoint the most influential genes within the EDGs
signature, a Random Forest analysis was conducted. Among
the five EDGs, GJB2 emerged as the top-ranked gene, suggesting
its pivotal contribution to the prognostic model (Figures
10A-C). Subsequent Pan-cancer survival analyses (univariate
Cox and Kaplan-Meier) were performed to assess the prognostic
impact of GJB2 expression. Analysis of pan-cancer cohorts
indicated that high GJB2

expression was significantly
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FIGURE 10

Identification of GJB2 as the key gene in the EDGs signature. Random Forest analysis ranking the importance of the five EDGs, identifying GJB2 as the
most pivotal gene (A—C). Univariate Cox regression analysis of GIB2 expression and overall survival across TCGA cancers (D). Pan-cancer analysis of
GJB2 expression across multiple tumor types in the TCGA database (E). Kaplan-Meier survival analysis showing the association between GJB2 expression
and OS in the TCGA-GBM (F), GSE74187 (G), and CGGA-325 (H). Abbreviations: EDGs, EMT-driving genes; OS, overall survival; TCGA, The Cancer
Genome Atlas; CGGA, Chinese Glioma Genome Atlas; GEO, Gene expression omnibus; Statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001, ns: not

significant.

associated with wunfavorable overall survival in several
malignancies, including ACC, BLCA, CESC, GBM, KICH,
LUAD, and PAAD (Figure 10D). Besides, data from the
TCGA database revealed that GJB2 expression was expressed
at higher levels in multiple tumor types compared with adjacent
normal tissues (Figure 10E). Kaplan-Meier survival analysis was
performed across five independent GBM cohorts (TCGA-GBM,
GSE83300, GSE74187, CGGA-693 and CGGA-325) to evaluate
the prognostic value of GJB2 expression. Consistently, patients
with high GJB2 expression tended to exhibit shorter overall
survival across all datasets, with statistically significant
differences observed in the TCGA, GSE74187, and CGGA-325
cohorts (Figures 10F-H). Altogether, these data position GJB2 as
an important molecular driver of GBM progression and a viable
candidate for therapeutic development.
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GJB2 knockdown inhibits the proliferation
and migration of GBM cells

To elucidate the functional role of GJB2, GBM cell lines
(U251 and U87) were transfected with shGJB2 lentivirus, leading
to efficient gene silencing (Figures 11A,B). CCK-8 assays revealed
that GJB2 silencing significantly inhibited cell proliferation (Figures
11C,D). Additionally, the scratch wound assay revealed that
reducing GJB2 expression considerably inhibited migration of
GBM cells (Figures 11EJF). Furthermore, Transwell invasion
assays demonstrated a significant decrease in the migratory
capacity of GBM cells subsequent to the knockdown of
GJB2 when contrasted with the control cells (Figures 11G,H). In
summary, these findings suggest that the silencing of GJB2 leads to
suppressed proliferation, migration, and invasion of GBM cells
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FIGURE 11
Functional effects of GIB2 knockdown in GBM cells.qRT-PCR analysis confirming the knockdown efficiency of shGJB2 in U251 and U87 cells (A-B).

CCK-8 assay evaluating the proliferation of U251 (C) and U87 (D) cells after GIB2 knockdown. Scratch wound healing assay measuring the migration rate
of U251 and U87 cells after GIB2 knockdown (E), with quantification shown in (F). Transwell migration assay showing reduced migratory ability of U251
and U87 cells after GIB2 knockdown (G), with quantification of migrated cells shown in (H). Uncropped Western blot images are provided in
Supplementary Figure S3. Abbreviations: GBM, Glioblastoma multiforme; gRT-PCR, quantitative real-time polymerase chain reaction; CCK-8, cell
counting kit-8; shRNA, short hairpin RNA. Statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001, ns: not significant.
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in vitro, thereby underscoring its potential function as an oncogenic
driver and a viable therapeutic target in the progression of GBM.

Discussion

Recent advancements in GBM biology have underscored its
pronounced molecular and cellular heterogeneity, which continues
to complicate effective clinical management (Yabo et al, 2022).
Despite progress in multimodal therapies, including surgical
resection, radiotherapy, and temozolomide-based chemotherapy,
GBM remains lethal due to profound therapeutic resistance and
cellular plasticity (Amirmahani et al., 2025; Pu et al., 2025). Among
the molecular programs driving this aggressiveness, EMT—often
described in glioblastoma as an EMT-like or proneural-to-
mesenchymal transition (PMT) program—has emerged as a
central determinant of invasion, therapeutic resistance, and
recurrence (Kim et al.,, 2021). However, translating these insights
into clinically applicable prognostic tools remains a key challenge.

In this study, we first performed survival analysis to explore
biological pathways associated with GBM prognosis. Although
EMT-related prognostic signatures have been primarily studied
in cancers such as lung adenocarcinoma (Zhou et al., 2022), we
sought to investigate their relevance in GBM. Using univariate Cox
regression in the TCGA cohort, genes were ranked by hazard ratio
and analyzed by GSEA, which identified EMT as a leading pathway
associated with poor prognosis. This finding was consistently
CGGA and GEO datasets,
confirming the robustness of EMT as a key prognostic process in

replicated across independent
GBM. A key strength was the pathway-first strategy: we anchored
model development to a defined biological program before feature
selection. Guided by this discovery, we compiled a set of 145 EDGs
and constructed an EMT-based risk score. Integration of this score
with age, IDH status, and MGMT promoter methylation yielded a
clinically integrated nomogram, which demonstrated superior
predictive accuracy compared with previous gene-only models
that lacked clinical variables (Luo et al., 2024; Xue et al., 2024).
The EMT-based

independent predictive power for overall survival. Distinct

signature  demonstrated strong and
survival stratification was evident between high- and low-risk
groups (P < 0.0001), and both univariate and multivariate Cox
regression analyses verified that the risk score served as an
independent prognostic indicator. Time-dependent ROC analysis
showed AUC values of 0.788, 0.793, and 0.813 for 1-, 2-, and 3-year
survival, respectively, and calibration curves demonstrated good
agreement between predicted and observed survival rates. Notably,
the integrated nomogram achieved higher predictive performance
than models based solely on gene signatures or clinical factors,
supporting its translational potential for individualized prognosis
and risk-adapted management in GBM patients.

Beyond its prognostic strength, our EMT-related signature
provides biological insight into GBM aggressiveness. Mutation
analysis indicated that TP53 and IDHI mutations were enriched
in the low-risk group, whereas high-risk tumors harbored fewer
classical driver alterations, suggesting that EMT-associated risk is
driven primarily by transcriptional and microenvironmental
programs. Genes most strongly correlated with the riskscore were
enriched in cytokine signaling, leukocyte adhesion, and immune
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regulation pathways, suggesting that EMT-associated risk in GBM
aligns within an inflammatory transcriptional context. This aligns
with reports that mesenchymal transformation in GBM is driven by
a core inflammatory transcriptional network involving factors such
as STAT3 and C/EBP, and reinforced by cytokines such as IL-6
(Carro et al.,, 2010). GSEA further revealed enrichment of hallmark
EMT, TGF-B, hypoxia, and NF-kB/IL6-STAT3 signaling—pathways
known to sustain mesenchymal plasticity, stem-like features, and
immunosuppressive remodeling (Lamano et al, 2019; Liu
et al., 2021).

Our immune microenvironment analysis revealed that high-risk
GBM tumors exhibited significantly higher ImmuneScore and
StromalScore, along with widespread immune cell infiltration, yet
these patients experienced poorer overall survival. Notably, this
pattern  is  consistent ~ with  the  predominance  of
immunosuppressive cell populations in GBM. Tumor-associated
macrophages (TAMs) and microglia, which can constitute a
substantial fraction of the tumor mass, often acquire an
immunosuppressive (frequently M2-like) phenotype that supports
tumor growth and suppresses cytotoxic T-cell activity through IL-10
and TGF- secretion (Dziurzynski et al., 2011). Similar observations
have been reported in GBM, where tumors rich in immune and
stromal components often display dysfunctional immune activation
and poor prognosis (Wang et al., 2017; Chen and Hambardzumyan,
2018). Importantly, although CD8" T cells are often detectable in
GBM tissues, accumulating evidence indicates that they commonly
exhibit an exhausted and functionally impaired phenotype rather
than effective cytotoxic activity. Transcriptomic studies have shown
that glioblastoma harbors some of the most pronounced T-cell
exhaustion signatures among solid tumors, characterized by
inhibitory receptor expression and reduced effector function
2018).
dysregulation in intracranial tumors, including sequestration of

(Woroniecka et al, In addition, systemic immune
T cells in the bone marrow, further limits effective antitumor
immunity despite apparent immune infiltration (Chongsathidkiet
et al,, 2018). Consistent with these observations, cytokine-driven
signaling pathways IL6-JAK-STAT3 and TGEF-f

signaling—both enriched in our high-risk group—have been

such as

implicated in promoting macrophage polarization and T-cell
dysfunction in glioblastoma (Liu et al, 2022; Hourani et al,
2025). Collectively, these findings support the concept of an
tumor

“immune-inflamed yet

microenvironment in high-risk GBM, in which immune cell

immunosuppressed”

infiltration fails to translate into effective antitumor immunity
due to exhaustion and suppression mechanisms (Verhaak et al.,
2010; Hambardzumyan et al., 2016), thereby motivating exploration
of candidate drug sensitivities associated with this risk state.
Correlation analysis with the CellMiner database revealed that
higher risk scores were positively associated with increased
sensitivity to several compounds, including paclitaxel and
tamoxifen, both of which have shown antitumor activity in
glioma models. Paclitaxel, a microtubule-stabilizing agent, has
been reported to induce apoptosis and inhibit invasion in GBM
cells, particularly when delivered via nanoparticle or convection-
enhanced systems that improve brain penetration (Lidar et al., 2004;
AbdEl-Hagq et al., 2023). Similarly, Tamoxifen, a selective estrogen
receptor modulator, exhibits antiproliferative and pro-apoptotic
effects independent of estrogen signaling, and its efficacy can be
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enhanced through modulation of the PI3K/AKT pathway (Li et al.,
2011). Clinical studies have also indicated that subsets of patients
with malignant glioma may achieve disease stabilization with high-
dose Tamoxifen therapy (Couldwell et al., 1996). It should be noted
that these drug-risk score associations were derived from pan-
cancer cell line data and should be interpreted as exploratory.
Validation in GBM-specific cellular or patient-derived models
will be required to establish biological and therapeutic relevance.
Collectively, these findings imply that EMT activation influences
therapeutic sensitivity in GBM, leading us to focus on key molecular
drivers underlying this phenotype and identify GJB2 as a pivotal
component of our prognostic model.

Random Forest analysis identified GJB2 (Connexin-26) as
the most influential gene within the signature. GJB2 encodes a
gap junction protein mediating intercellular communication
and coordinating oncogenic processes such as proliferation,
migration, and stress adaptation (Naus and Laird, 2010;
Aasen et al.,, 2019). In gliomas, connexin-43 (Cx43, encoded
by GJA1) has been shown to promote invasion and resistance
with astrocytes,
facilitating calcium and metabolic signaling (Sin et al., 2016;
Khosla et al., 2020). While the tumor-promoting role of Cx43 is
established, the of Cx26 GBM
underexplored. Functional assays in our study revealed that
GJB2 knockdown suppressed GBM cell proliferation and

through heterocellular communication

function in remains

migration. These findings provide functional evidence that
GJB2 in promoting aggressive cellular phenotypes in GBM,
potentially by modulating intercellular communication
that
molecular mechanisms remain to be clarified, prior studies

suggest connexins can modulate calcium flux, PI3K/AKT, and

pathways support tumor plasticity. Although its

STATS3 signaling, linking gap junction communication with
mesenchymal transition and immune regulation (Trosko and
Ruch, 2002). In addition, transcriptomic analyses revealed a
consistent positive association between GJB2 expression and
EMT-related signatures, supporting a potential link between
GJB2 and EMT programs,
validation remains to be explored. Collectively, GJB2 emerges

although direct mechanistic

as a potential oncogenic driver bridging EMT-associated
transcriptional programs and tumor invasiveness.

Despite these promising findings, several limitations should
be acknowledged. First, the prognostic signature was derived
from retrospective transcriptomic datasets from TCGA, CGGA,
and GEO, which inherently differ in patient composition and
experimental platforms. Each cohort was processed and
analyzed  independently data
integration; therefore, conventional batch-effect correction

without  cross-cohort

and cross-platform normalization were not applied.
Moreover, the model was trained on RNA-seq data and
validated across both RNA-seq and microarray cohorts, and
intrinsic differences in expression scale and dynamic range
between platforms may contribute to variability in effect size
across datasets. Nevertheless, the directionality of prognostic
associations remained consistent across all cohorts, supporting
the biological robustness of the EMT-based signature. Despite
the multi-cohort retrospective validation performed in this
study, further validation in independent prospective cohorts
is warranted. We are additional

currently collecting
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glioblastoma  samples and preparing transcriptomic
sequencing to enable future experimental validation of the
EMT-based signature.  Second,  although
functional assays that GJB2 GBM

proliferation and migration in vitro, further in vivo studies

prognostic

verified enhances
are necessary to define its role in tumor progression and
treatment response. Third, while the EMT signature is
closely linked to immune and inflammatory pathways, the
connecting GJB2 with EMT
activation and immune remodeling remain unclear. Future

underlying mechanisms

studies should explore the downstream signaling networks

and interaction partners of GJB2 within the EMT
regulatory axis.

In summary, this study establishes a robust, biologically
informed prognostic signature integrating EMT-related gene
expression with clinical parameters for GBM. The identification
and functional validation of GJB2 provide a mechanistic anchor for
the model, linking intercellular communication to mesenchymal
activation and tumor aggressiveness. These findings offer new
insights into EMT-driven plasticity and immune modulation in
GBM, presenting potential for

avenues precision-targeted

therapeutic strategies.

Conclusion

In conclusion, this study systematically developed an EMT-
related gene signature in GBM using a GSEA-guided strategy
combined with Cox regression analyses across multiple cohorts.
Incorporating key clinical variables into a composite nomogram
substantially improved prognostic discrimination, enabling
stratification of GBM patients into distinct risk groups.
Furthermore, GJB2 was identified as a key gene within the
signature, exerting a critical influence on tumor progression.
Functional assays revealed that GJB2 promotes glioma cell
proliferation and migration in vitro, supporting a pro-
tumorigenic role and suggesting that GJB2 may serve as a
prognostic marker and therapeutic target. Collectively, these
findings highlight insights into the association between EMT-
driven plasticity and immune remodeling in glioblastoma,
supporting more precise prognostic the

development of risk-informed therapeutic strategies in this

assessment and

challenging disease.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary Material, further inquiries can be directed
to the corresponding authors.

Ethics statement

Ethical approval was not required for the studies on humans
in accordance with the local legislation and institutional
requirements because only commercially available established
cell lines were used.

frontiersin.org


https://www.frontiersin.org/journals/cell-and-developmental-biology
https://www.frontiersin.org
https://doi.org/10.3389/fcell.2025.1754988

Liu et al.

Author contributions

X-fL: Data curation, Formal Analysis, Funding acquisition,
Investigation, Visualization, Writing - original draft. BW: Data
curation, Formal Analysis, Investigation, Writing - review and
editing. MZ: Data curation, Formal Analysis, Investigation,
Writing - review and editing. DG: Data curation, Formal
Analysis, Investigation, Writing — review and editing. J-hZ: Data
curation, Formal Analysis, Investigation, Writing - review and
J-yH:
Methodology, Project administration, Supervision, Visualization,

editing. Conceptualization,  Funding  acquisition,
Writing - original draft, Writing - review and editing. W-tX:
Methodology,
Supervision, Visualization,

Writing - review and editing.

administration,
draft,

Conceptualization, Project

Writing -

original

Funding

The author(s) declared that financial support was received for
this work and/or its publication. This work was supported by
National Clinical Key Specialty Major Scientific Research Project
(20230190), Research project of Hunan Provincial Health
Commission  (D202304040060), National Natural Science
Foundation of China (82304083) and Natural Science Foundation
of Hunan Province (2023]J40584).

Acknowledgements

We acknowledge the TCGA, GEO, and CGGA databases for
providing the platform and its contributors for uploading
meaningful datasets.

References

Aasen, T., Leithe, E., Graham, S. V., Kameritsch, P., Mayan, M. D., Mesnil, M., et al.
(2019). Connexins in cancer: bridging the gap to the clinic. Oncogene 38, 4429-4451.
doi:10.1038/541388-019-0741-6

AbdEl-Haq, M., Kumar, A., Ait Mohand, F.-E., Kravchenko-Balasha, N., Rottenberg,
Y., and Domb, A. J. (2023). Paclitaxel Delivery to the Brain for Glioblastoma Treatment.
Int. J. Mol. Sci. 24, 11722. doi:10.3390/ijms241411722

Amirmahani, F., Kumar, S., and Muthukrishnan, S. D. (2025). Epigenetic mechanisms
of plasticity and resistance in glioblastoma: therapeutic targets and implications. Front.
Epigenetics Epigenomics 3, 1519449. doi:10.3389/freae.2025.1519449

Bhat, K. P. L., Balasubramaniyan, V., Vaillant, B., Ezhilarasan, R., Hummelink, K.,
Hollingsworth, F., et al. (2013). Mesenchymal differentiation mediated by NF-«B
promotes radiation resistance in glioblastoma. Cancer Cell 24, 331-346. doi:10.1016/
j.ccr.2013.08.001

Blanche, P., Dartigues, J.-F., and Jacqmin-Gadda, H. (2013). Estimating and
comparing time-dependent areas under receiver operating characteristic curves for
censored event times with competing risks. Stat. Med. 32, 5381-5397. doi:10.1002/sim.
5958

Buzatu, I. M., Costachi, A., Docea, A. O., Manea, E. V., and Zlatian, O. (2024).
Research Progress of EMR2 Receptor Function in Glioma and its Potential
Application as Therapeutic Target. Curr. Health Sci. ]J. 50, 467-477. doi:10.
12865/CHSJ.50.04.02

Carro, M. S, Lim, W. K., Alvarez, M. J,, Bollo, R. J., Zhao, X,, Snyder, E. Y., et al.
(2010). The transcriptional network for mesenchymal transformation of brain tumours.
Nature 463, 318-325. doi:10.1038/nature08712

Chen, Z., and Hambardzumyan, D. (2018). Immune Microenvironment in
Glioblastoma Subtypes. Front. Immunol. 9, 1004. doi:10.3389/fimmu.2018.01004

Frontiers in Cell and Developmental Biology

19

10.3389/fcell.2025.1754988

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fcell.2025.1754988/
full#supplementary-material

Chongsathidkiet, P., Jackson, C., Koyama, S., Loebel, F., Cui, X,, Farber, S. H., et al.
(2018). Sequestration of T cells in bone marrow in the setting of glioblastoma and other
intracranial tumors. Nat. Med. 24, 1459-1468. d0i:10.1038/s41591-018-0135-2

Couldwell, W. T., Hinton, D. R, Surnock, A. A., DeGiorgio, C. M., Weiner, L. P.,
Apuzzo, M. L, et al. (1996). Treatment of recurrent malignant gliomas with chronic oral
high-dose tamoxifen. Clin. Cancer Res. 2, 619-622. Available online at: https://
pubmed.ncbi.nlm.nih.gov/9816211/.

Drziurzynski, K., Wei, J., Qiao, W., Hatiboglu, M. A., Kong, L.-Y., Wu, A,, et al. (2011).
Glioma-associated cytomegalovirus mediates subversion of the monocyte lineage to a
tumor propagating phenotype. Clin. Cancer Res. 17, 4642-4649. doi:10.1158/1078-0432.
CCR-11-0414

Fan, W.-T,, Liu, X.-F., and Liang, R.-C. (2023). Raf/MEK/ERK Signaling Pathway Is
Involved in the Inhibition of Glioma Cell Proliferation and Invasion in the Ketogenic
Microenvironment. Curr. Med. Sci. 43, 759-767. doi:10.1007/s11596-023-2724-7

Fu, X, Ren, C, Dai, K, Ren, M,, and Yan, C. (2024). Epithelial-Mesenchymal
Transition Related Score Functions as a Predictive Tool for Immunotherapy and
Candidate Drugs in Glioma. J. Chem. Inf. Model. 64, 6648-6661. doi:10.1021/acs.
jcim.4c00620

Gargini, R., Segura-Collar, B., and Sanchez-Gémez, P. (2020). Cellular Plasticity and
Tumor Microenvironment in Gliomas: The Struggle to Hit a Moving Target. Cancers 12,
1622. doi:10.3390/cancers12061622

Hambardzumyan, D., Gutmann, D. H., and Kettenmann, H. (2016). The role of
microglia and macrophages in glioma maintenance and progression. Nat. Neurosci. 19,
20-27. doi:10.1038/nn.4185

Hénzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: gene set variation analysis
for microarray and RNA-seq data. BMC Bioinforma. 14, 7. doi:10.1186/1471-2105-14-7

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fcell.2025.1754988/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fcell.2025.1754988/full#supplementary-material
https://doi.org/10.1038/s41388-019-0741-6
https://doi.org/10.3390/ijms241411722
https://doi.org/10.3389/freae.2025.1519449
https://doi.org/10.1016/j.ccr.2013.08.001
https://doi.org/10.1016/j.ccr.2013.08.001
https://doi.org/10.1002/sim.5958
https://doi.org/10.1002/sim.5958
https://doi.org/10.12865/CHSJ.50.04.02
https://doi.org/10.12865/CHSJ.50.04.02
https://doi.org/10.1038/nature08712
https://doi.org/10.3389/fimmu.2018.01004
https://doi.org/10.1038/s41591-018-0135-2
https://doi.org/10.1158/1078-0432.CCR-11-0414
https://doi.org/10.1158/1078-0432.CCR-11-0414
https://doi.org/10.1007/s11596-023-2724-7
https://doi.org/10.1021/acs.jcim.4c00620
https://doi.org/10.1021/acs.jcim.4c00620
https://doi.org/10.3390/cancers12061622
https://doi.org/10.1038/nn.4185
https://doi.org/10.1186/1471-2105-14-7
https://www.frontiersin.org/journals/cell-and-developmental-biology
https://www.frontiersin.org
https://doi.org/10.3389/fcell.2025.1754988

Liu et al.

Hourani, T., Sharma, A., Luwor, R. B., and Achuthan, A. A. (2025). Transforming
growth factor-f in tumor microenvironment: Understanding its impact on monocytes
and macrophages for its targeting. Int. Rev. Immunol. 44, 82-97. doi:10.1080/08830185.
2024.2411998

Iwadate, Y. (2016). Epithelial-mesenchymal transition in glioblastoma progression.
Oncol. Lett. 11, 1615-1620. doi:10.3892/01.2016.4113

Kalluri, R,, and Weinberg, R. A. (2009). The basics of epithelial-mesenchymal
transition. J. Clin. Invest. 119, 1420-1428. doi:10.1172/JCI39104

Khosla, K., Naus, C. C,, and Sin, W. C. (2020). Cx43 in Neural Progenitors Promotes
Glioma Invasion in a 3D Culture System. Int. J. Mol. Sci. 21, 5216. doi:10.3390/
ijms21155216

Kim, Y., Varn, F. S, Park, S.-H., Yoon, B. W., Park, H. R,, Lee, C,, et al. (2021).
Perspective of mesenchymal transformation in glioblastoma. Acta Neuropathol.
Commun. 9, 50. doi:10.1186/s40478-021-01151-4

Lamano, J. B., Lamano, J. B,, Li, Y. D., DiDomenico, J. D., Choy, W., Veliceasa, D.,
et al. (2019). Glioblastoma-Derived IL6 Induces Immunosuppressive Peripheral
Myeloid Cell PD-L1 and Promotes Tumor Growth. Clin. Cancer Res. 25, 3643-3657.
doi:10.1158/1078-0432.CCR-18-2402

Lan, K., April, V., Jamali, F., Sabri, S., and Abdulkarim, B. (2025). Current insights on
transglutaminase 2: Exploring its functions, mechanisms, and therapeutic potential in
glioblastoma. Crit. Rev. Oncol. Hematol. 214, 104894. doi:10.1016/j.critrevonc.2025.104894

Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted
correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559

Lau, J., Ilkhanizadeh, S., Wang, S., Miroshnikova, Y. A., Salvatierra, N. A., Wong, R.
A, etal. (2015). STAT3 Blockade Inhibits Radiation-Induced Malignant Progression in
Glioma. Cancer Res. 75, 4302-4311. doi:10.1158/0008-5472.CAN-14-3331

Lei, C., Chen, W., Wang, Y., Zhao, B, Liu, P., Kong, Z., et al. (2021). Prognostic
Prediction Model for Glioblastoma: A Metabolic Gene Signature and Independent
External Validation. J. Cancer 12, 3796-3808. doi:10.7150/jca.53827

Li, C., Zhou, C,, Wang, S., Feng, Y., Lin, W,, Lin, S, et al. (2011). Sensitization of
glioma cells to tamoxifen-induced apoptosis by P13-kinase inhibitor through the GSK-
3B/p-catenin signaling pathway. PloS One 6, €27053. doi:10.1371/journal.pone.0027053

Li, M.-P,, Long, S.-P., Liu, W.-C,, Long, K., and Gao, X.-H. (2024). EMT-related gene
classifications predict the prognosis, immune infiltration, and therapeutic response of
osteosarcoma. Front. Pharmacol. 15, 1419040. doi:10.3389/fphar.2024.1419040

Lidar, Z., Mardor, Y., Jonas, T., Pfeffer, R., Faibel, M., Nass, D., et al. (2004).
Convection-enhanced delivery of paclitaxel for the treatment of recurrent malignant
glioma: a phase I/II clinical study. J. Neurosurg. 100, 472-479. doi:10.3171/jns.2004.100.
3.0472

Liu, S., Ren, J., and ten Dijke, P. (2021). Targeting TGFp signal transduction for cancer
therapy. Signal Transduct. Target. Ther. 6, 8. doi:10.1038/s41392-020-00436-9

Liu, X,, Liu, Y., Qi, Y., Huang, Y., Hu, F,, Dong, F., et al. (2022). Signal Pathways

Involved in the Interaction Between Tumor-Associated Macrophages/TAMs and
Glioblastoma Cells. Front. Oncol. 12, 822085. doi:10.3389/fonc.2022.822085

Liu, X.-F,, Chang, Y.-J., Long, M., Huang, K.-Q., Wang, B., Gong, D., et al. (2025).
ApoE Inhibits the Progression of Glioma by Activating Immune Function. J. Cell. Mol.
Med. 29, €70697. doi:10.1111/jcmm.70697

Luo, W., Quan, Q,, Jiang, J., and Peng, R. (2022). An immune and epithelial-
mesenchymal transition-related risk model and immunotherapy strategy for grade II
and IIT gliomas. Front. Genet. 13, 1070630. doi:10.3389/fgene.2022.1070630

Luo, J., Wang, Z., Zhang, X., Yu, H., Chen, H., Song, K., et al. (2023). Vascular
Immune Evasion of Mesenchymal Glioblastoma Is Mediated by Interaction and
Regulation of VE-Cadherin on PD-L1. Cancers 15, 4257. doi:10.3390/cancers15174257

Luo, D,, Luo, A,, Hu, S., Zhao, H,, Yao, X,, Li, D,, et al. (2024). Prognostic signature
detects homologous recombination deficient in glioblastoma. Transl. Cancer Res. 13,
5883-5897. doi:10.21037/tcr-23-2077

Mayakonda, A., Lin, D.-C., Assenov, Y., Plass, C., and Koeffler, H. P. (2018). Maftools:
efficient and comprehensive analysis of somatic variants in cancer. Genome Res. 28,
1747-1756. doi:10.1101/gr.239244.118

Naus, C. C,, and Laird, D. W. (2010). Implications and challenges of connexin
connections to cancer. Nat. Rev. Cancer 10, 435-441. doi:10.1038/nrc2841

Nieto, M. A., Huang, R. Y.-]., Jackson, R. A, and Thiery, J. P. (2016). EMT: 2016. Cell
166, 21-45. doi:10.1016/j.cell.2016.06.028

Ostrom, Q. T., Price, M., Neff, C., Cioffi, G., Waite, K. A., Kruchko, C., et al. (2023).
CBTRUS Statistical Report: Primary Brain and Other Central Nervous System Tumors
Diagnosed in the United States in 2016-2020. Neuro-Oncol 25, iv1-iv99. doi:10.1093/
neuonc/noad149

Pu,]J., Yuan, K., Tao, J., Qin, Y., Li, Y., Fu, ], et al. (2025). Glioblastoma multiforme: an
updated overview of temozolomide resistance mechanisms and strategies to overcome
resistance. Discov. Oncol. 16, 731. doi:10.1007/s12672-025-02567-3

Reinhold, W. C., Sunshine, M., Liu, H., Varma, S., Kohn, K. W., Morris, J., et al.
(2012). CellMiner: a web-based suite of genomic and pharmacologic tools to explore
transcript and drug patterns in the NCI-60 cell line set. Cancer Res. 72, 3499-3511.
doi:10.1158/0008-5472.CAN-12-1370

Frontiers in Cell and Developmental Biology

10.3389/fcell.2025.1754988

Robin, X., Turck, N., Hainard, A., Tiberti, N., Lisacek, F., Sanchez, J.-C., et al. (2011).
PROC: an open-source package for R and S+ to analyze and compare ROC curves. BMC
Bioinforma. 12, 77. doi:10.1186/1471-2105-12-77

Segerman, A., Niklasson, M., Haglund, C., Bergstrém, T., Jarvius, M., Xie, Y., et al.
(2016). Clonal Variation in Drug and Radiation Response among Glioma-Initiating
Cells Is Linked to Proneural-Mesenchymal Transition. Cell Rep. 17, 2994-3009. doi:10.
1016/j.celrep.2016.11.056

Sharma, P., Aaroe, A. Liang, J, and Puduvalli, V. K. (2023). Tumor
microenvironment in glioblastoma: Current and emerging concepts. Neuro-Oncol.
Adpy. 5, vdad009. doi:10.1093/noajnl/vdad009

Sin, W. C,, Aftab, Q., Bechberger, J. F., Leung, J. H., Chen, H., and Naus, C. C. (2016).
Astrocytes promote glioma invasion via the gap junction protein connexin43. Oncogene
35, 1504-1516. doi:10.1038/0nc.2015.210

Stupp, R., Mason, W. P., van den Bent, M. J., Weller, M., Fisher, B., Taphoorn, M. J. B.,
et al. (2005). Radiotherapy plus concomitant and adjuvant temozolomide for
glioblastoma. N. Engl. J. Med. 352, 987-996. doi:10.1056/NEJMo0a043330

Takashima, Y., Kawaguchi, A., and Yamanaka, R. (2019). Promising Prognosis
Marker Candidates on the Status of Epithelial-Mesenchymal Transition and Glioma
Stem Cells in Glioblastoma. Cells 8, 1312. d0i:10.3390/cells8111312

Tan, A. C,, Ashley, D. M,, Lépez, G. Y., Malinzak, M., Friedman, H. S., and Khasraw,
M. (2020). Management of glioblastoma: State of the art and future directions. CA.
Cancer ]. Clin. 70, 299-312. doi:10.3322/caac.21613

Thakkar, J. P., Dolecek, T. A., Horbinski, C., Ostrom, Q. T., Lightner, D. D., Barnholtz-
Sloan, J. S., et al. (2014). Epidemiologic and molecular prognostic review of glioblastoma.
Cancer Epidemiol. Biomark. Prev. 23, 1985-1996. doi:10.1158/1055-9965.EPI-14-0275

Tian, Y., Liu, H., Zhang, C,, Liu, W., Wu, T., Yang, X,, et al. (2022). Comprehensive
Analyses of Ferroptosis-Related Alterations and Their Prognostic Significance in
Glioblastoma. Front. Mol. Biosci. 9, 904098. doi:10.3389/fmolb.2022.904098

Trosko, J. E, and Ruch, R. J. (2002). Gap junctions as targets for cancer
chemoprevention and chemotherapy. Curr. Drug Targets 3, 465-482. doi:10.2174/
1389450023347371

Tu, S., Zhang, P., Chi, X, Zhang, Y., and Ji, N. (2025). Lipid Metabolism classification
of gliomas. doi:10.21203/rs.3.rs-7762969/v1

Verhaak, R. G. W., Hoadley, K. A,, Purdom, E., Wang, V., Qi, Y., Wilkerson, M. D.,
et al. (2010). Integrated genomic analysis identifies clinically relevant subtypes of
glioblastoma characterized by abnormalities in PDGFRA, IDH1, EGFR, and NFI.
Cancer Cell 17, 98-110. doi:10.1016/j.ccr.2009.12.020

Wang, Q., Hu, B,, Hu, X,, Kim, H., Squatrito, M., Scarpace, L., et al. (2017). Tumor
Evolution of Glioma-Intrinsic Gene Expression Subtypes Associates with
Immunological Changes in the Microenvironment. Cancer Cell 32, 42-56.e6. doi:10.
1016/j.ccell.2017.06.003

Woroniecka, K., Chongsathidkiet, P., Rhodin, K., Kemeny, H., Dechant, C., Farber, S.
H., et al. (2018). T-Cell Exhaustion Signatures Vary with Tumor Type and Are Severe in
Glioblastoma. Clin. Cancer Res. 24, 4175-4186. doi:10.1158/1078-0432.CCR-17-1846

Wu, J., He, J., Zhang, J., Ji, H., Wang, N, Ma, S, et al. (2022). Identification of EMT-
Related Genes and Prognostic Signature With Significant Implications on Biological
Properties and Oncology Treatment of Lower Grade Gliomas. Front. Cell Dev. Biol. 10,
887693. doi:10.3389/fcell.2022.887693

Xiao, Z., Liu, X., Mo, Y., Chen, W., Zhang, S., Yu, Y., et al. (2023). Prognosis and
clinical features analysis of EMT-related signature and tumor Immune
microenvironment in glioma. J. Med. Biochem. 42, 122-137. doi:10.5937/jomb0-39234

Xu, S, Hu, E, Cai, Y., Xie, Z., Luo, X,, Zhan, L, et al. (2024). Using clusterProfiler to
characterize multiomics data. Nat. Protoc. 19, 3292-3320. doi:10.1038/541596-024-01020-z

Xue, J., Zhang, J., and Zhu, J. (2024). Unraveling molecular signatures and prognostic
biomarkers in glioblastoma: a comprehensive study on treatment resistance and
personalized strategies. Discov. Oncol. 15, 743. d0i:10.1007/s12672-024-01649-y

Yabo, Y. A,, Niclou, S. P., and Golebiewska, A. (2022). Cancer cell heterogeneity and
plasticity: A paradigm shift in glioblastoma. Neuro-Oncol. 24, 669-682. doi:10.1093/
neuonc/noab269

Ye, S., Yang, B., Zhang, T., Wei, W., Li, Z., Chen, ], et al. (2022). Identification of an
Immune-Related Prognostic = Signature for Glioblastoma by Comprehensive
Bioinformatics and Experimental Analyses. Cells 11, 3000. doi:10.3390/cells11193000

Yoshihara, K., Shahmoradgoli, M., Martinez, E., Vegesna, R., Kim, H., Torres-Garcia,
W, etal. (2013). Inferring tumour purity and stromal and immune cell admixture from
expression data. Nat. Commun. 4, 2612. doi:10.1038/ncomms3612

Zheng, L., He, J.-J., Zhao, K.-X,, Pan, Y.-F,, and Liu, W.-X. (2024). Expression of

overall survival-EMT-immune cell infiltration genes predict the prognosis of glioma.
Non-Coding RNA Res. 9, 407-420. doi:10.1016/j.ncrna.2024.02.003

Zhou, D.-H., Du, Q.-C,, Fu, Z., Wang, X.-Y., Zhou, L., Wang, J., et al. (2022).
Development and validation of an epithelial-mesenchymal transition-related gene
signature for predicting prognosis. World J. Clin. Cases 10, 9285-9302. d0i:10.12998/
wjcc.v10.i26.9285

Zhuo, S., Chen, Z.,, Yang, Y., Zhang, J., Tang, J., and Yang, K. (2020). Clinical and

Biological Significances of a Ferroptosis-Related Gene Signature in Glioma. Front.
Oncol. 10, 590861. doi:10.3389/fonc.2020.590861

frontiersin.org


https://doi.org/10.1080/08830185.2024.2411998
https://doi.org/10.1080/08830185.2024.2411998
https://doi.org/10.3892/ol.2016.4113
https://doi.org/10.1172/JCI39104
https://doi.org/10.3390/ijms21155216
https://doi.org/10.3390/ijms21155216
https://doi.org/10.1186/s40478-021-01151-4
https://doi.org/10.1158/1078-0432.CCR-18-2402
https://doi.org/10.1016/j.critrevonc.2025.104894
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1158/0008-5472.CAN-14-3331
https://doi.org/10.7150/jca.53827
https://doi.org/10.1371/journal.pone.0027053
https://doi.org/10.3389/fphar.2024.1419040
https://doi.org/10.3171/jns.2004.100.3.0472
https://doi.org/10.3171/jns.2004.100.3.0472
https://doi.org/10.1038/s41392-020-00436-9
https://doi.org/10.3389/fonc.2022.822085
https://doi.org/10.1111/jcmm.70697
https://doi.org/10.3389/fgene.2022.1070630
https://doi.org/10.3390/cancers15174257
https://doi.org/10.21037/tcr-23-2077
https://doi.org/10.1101/gr.239244.118
https://doi.org/10.1038/nrc2841
https://doi.org/10.1016/j.cell.2016.06.028
https://doi.org/10.1093/neuonc/noad149
https://doi.org/10.1093/neuonc/noad149
https://doi.org/10.1007/s12672-025-02567-3
https://doi.org/10.1158/0008-5472.CAN-12-1370
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1016/j.celrep.2016.11.056
https://doi.org/10.1016/j.celrep.2016.11.056
https://doi.org/10.1093/noajnl/vdad009
https://doi.org/10.1038/onc.2015.210
https://doi.org/10.1056/NEJMoa043330
https://doi.org/10.3390/cells8111312
https://doi.org/10.3322/caac.21613
https://doi.org/10.1158/1055-9965.EPI-14-0275
https://doi.org/10.3389/fmolb.2022.904098
https://doi.org/10.2174/1389450023347371
https://doi.org/10.2174/1389450023347371
https://doi.org/10.21203/rs.3.rs-7762969/v1
https://doi.org/10.1016/j.ccr.2009.12.020
https://doi.org/10.1016/j.ccell.2017.06.003
https://doi.org/10.1016/j.ccell.2017.06.003
https://doi.org/10.1158/1078-0432.CCR-17-1846
https://doi.org/10.3389/fcell.2022.887693
https://doi.org/10.5937/jomb0-39234
https://doi.org/10.1038/s41596-024-01020-z
https://doi.org/10.1007/s12672-024-01649-y
https://doi.org/10.1093/neuonc/noab269
https://doi.org/10.1093/neuonc/noab269
https://doi.org/10.3390/cells11193000
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1016/j.ncrna.2024.02.003
https://doi.org/10.12998/wjcc.v10.i26.9285
https://doi.org/10.12998/wjcc.v10.i26.9285
https://doi.org/10.3389/fonc.2020.590861
https://www.frontiersin.org/journals/cell-and-developmental-biology
https://www.frontiersin.org
https://doi.org/10.3389/fcell.2025.1754988

	Integrative analysis of EMT-driving genes identifies a prognostic signature and GJB2 as a potential biomarker in glioblastoma
	Introduction
	Materials and methods
	Data acquisition
	Identification of prognosis-associated pathways by GSEA
	Identification of EMT-driving genes
	Construction and validation of a prognostic signature based on EDGs
	Association between EDGs signature and clinicopathological characteristics

	Results
	Identification of EDGs based on GSEA and cox regression analysis
	Construction and validation of the EDGs signature
	Association between EDGs signature and clinicopathological characteristics
	Nomogram construction

	Discussion
	Conclusion
	Data availability statement
	Ethics statement


