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Purpose: Cancer-associated fibroblasts (CAFs) could promote the progression and migration of tumors. However, the roles of CAFs
infiltration related genes in glioblastoma (GBM) were still unclear.

Methods: GBM-related transcriptome data and clinical information were downloaded from the UCSC Xena and CGGA databases. In
this study, the abundance of fibroblasts were calculated by “MCPcounter”, and the CAFs infiltration related genes were identified by
“WGCNA”. Then, the biomarkers of GBM were screened out, and based on it, the survival risk model (risk score) and the prognostic
model (nomogram) were constructed to clinical predict the survival of GBM. Moreover, the function and mutation analyses were
performed to further study the mechanisms of GBM. Furthermore, the competitive endogenous RNAs (ceRNA) regulatory network
were used to reveal the potential regulation of biomarkers.

Results: Totals of 46 CAFs infiltration related genes were associated with focal adhesion. Four biomarkers, including STCI,
BDKRB2, SOCS3 and FURIN were identified, and all of them were negative factors. Nomogram constructed based on risk scores
and clinical indicators had good predictive performance (AUC > 0.68). Noticeable, COL5A1 might be the key gene, which were
extremely positively associated with all these four biomarkers. Besides, the genes in high-risk groups were associated with the
functions of epithelial mesenchymal transition (EMT) and angiogenesis. In addition, hsa-miR-107 could regulate STC1 through the
TGF-p signaling pathway and further regulating the migration and invasion of tumour.

Conclusion: This study identified four CAFs infiltration related biomarkers associated with the prognosis of GBM. This finding might
help to deepen the understanding the roles of CAFs in development of GBM.
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Introduction

Glioblastoma (GBM) is the most prevalent primary malignant brain tumor, characterized by elevated recurrence and
death rates.' Despite rigorous multimodal treatment, including surgical resection, chemotherapy, radiation, and targeted
therapy, the overall median survival of GBM patients is still less than 2 years.>> GBM may expedite disease development
by enhancing the release of pro-angiogenic factors, resulting in localized vascular growth, stasis, and thromboembolic
blockage, hence worsening hypoxia inside the tumor.* The processes of angiogenesis, cell migration, and infiltration not
only facilitate the development of drug resistance but also make the efficient treatment of GBM very challenging.” The
tumor microenvironment of GBM is very complex and continuously evolving, where the overexpression of immune
checkpoints serves as a critical mechanism for tumor cells to effectively avoid immune monitoring.® Recent findings
indicate that IGFBP3 may activate the JAK2/STAT3 signaling pathway, promoting death of Jurkat cells via the up-
regulation of PD-L1 expression, resulting in immune evasion of GBM.” The regular use of high-dose corticosteroids to
mitigate cerebral edema may concurrently inhibit the anti-tumor immune response.* Moreover, prolonged administration

of anti-angiogenic agents like bevacizumab may exacerbate tumor hypoxia and promote the development of a more

International Journal of General Medicine 2025:18 1807—1821 1807
Received: 9 January 2025 © 2025 Thang and Huang. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/
TR terms.php and incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http:/creativecommons.org/licenses/by-nc/4.0/). By accessing

Accepted: 20 March 2025
Published: 31 March 2025

the work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed.
For permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://orcid.org/0009-0003-9003-510X
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Zhang and Huang

infiltrative tumor phenotype, thus complicating the treatment landscape.® Consequently, a thorough examination of the
molecular pathogenesis of GBM, along with the identification of novel biomarkers and therapeutic targets, is critically
significant for the advancement of more precise and effective treatment strategies aimed at enhancing the prognosis and
quality of life for GBM patients.

Cancer-associated fibroblasts (CAFs) are activated fibroblasts, which are numerous and diverse stromal cells in the tumour
microenvironment and are a prominent stromal component of many kinds of malignancies, including pancreatic, breast, and
lung cancers.”'® A increasing amount of data demonstrates that CAFs play a vital role in tumourigenesis and development.''
CAFs facilitate extracellular matrix formation and remodeling, intimately interact with cancer cells to enhance their
proliferation and migration and contribute to angiogenesis and inflammation via cytokine release.'*'* Ana Costa et al
shown that cancer-associated fibroblasts (CAFs) facilitate cancer growth by circumventing immune monitoring and confer
resistance to immunotherapy.'* Like other stroma-rich malignancies, GBM has a complex tumor microenvironment,
characterized by a combination of tumor and non-tumor cells, including immune cells, vascular cells, and extracellular matrix
components.'> Anne Clavreul et al conducted experimental tests revealing that markers linked to cancer-associated fibroblasts,
including fibroblast surface proteins, a-smooth muscle actin, and platelet-derived growth factor receptor-§, were present in
glioblastoma-associated stromal cells.'® Petr Busek et al indicate that the presence of stromal cells exhibiting a mesenchymal
phenotype, which express markers of cancer-associated fibroblasts (CAFs) in the glioblastoma (GBM) tumor microenviron-
ment, corresponds with a poor prognosis in GBM.'” Manuel Réhrich et al facilitated tumor proliferation and angiogenesis in
human glioblastoma mice by the implantation of fibroblast activating protein.'® Moreover, interactions among diverse cell
types in glioblastoma multiforme (GBM) influence the immunosuppressive tumor microenvironment, thereby diminishing the
effectiveness of immunotherapy. This phenomenon appears to be associated with cancer-associated fibroblasts (CAFs)
enhancing immunotherapy resistance by circumventing immune surveillance; however, the precise relationship between
these factors remains ambiguous.”

This study aimed to identify biomarkers associated with CAFs infiltration that influence the prognosis and treatment
of GBM patients. It sought to develop a novel CAFs infiltration-related risk model as a dependable tool for predicting
clinical outcomes, thereby guiding clinical treatment strategies for GBM. Additionally, it aimed to investigate the

potential mechanisms by which CAFs modulate GBM, enhancing the understanding of the disease.

Materials and Methods

Data Source

The RNA sequencing data, survival information, and clinical details of GBM were collected from two sources: the UCSC
Xena database and the Chinese Glioma Genome Atlas (CGGA) database. Out of these, the UCSC Xena-GBM dataset
was utilized as the training dataset, comprising 154 GBM samples with survival and clinical data. To ensure the
availability of a risk survival model, the CGGA-GBM dataset (CGGA-mRNAseq-325), which contains 85 GBM samples

with survival and clinical data, was utilized as the validation dataset.

Identification and Functional Enrichment Analises of the CAF Infiltration Related

Genes

In this study, the abundance of eight immune cells and two stromal cells (fibroblasts and endothelial cells) were
calculated by “MCP-counter”.'” Then, the samples in UCSC Xena-GBM dataset were divided into high and low
CAFs infiltration groups according the infiltration level of fibroblasts by “survminer” R package (version 3.3.5). On
the other hand, the stromal score was calculated by “estimate” R package.?® Based on it, the co-expression network was
constructed by “WGCNA” R package (version 1.70-3), and the CAFs infiltration and stromal scores were used as the
traits to screen the module genes which related to CAFs infiltration.”’ Besides, the functional enrichment analysis of

these CAFs infiltration related genes was conducted by “clusterProfiler” R package (adj.p. value < 0.05).2>%
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Construction of the Survival Risk Model and Prognostic Model of GBM
Univariate Cox regression analysis (HR#1 and p < 0.05) was performed using the R package survival (version 3.2—13) based on
the expression of CAFs infiltration related genes in the training set, which was screened to obtain prognosis related genes.
Subsequently, least absolute shrinkage and selection operator (LASSO) regression analysis was performed on prognosis-related
genes, and the optimal lambda value was determined by 10-fold cross validation, so as to select prognosis genes whose regression
coefficients were not penalised to zero. The risk score was calculated by the algorithm: riskscores = Y ;_, COEfi x Xi(COEfi is
the LASSO risk coefficient of prognostic genes, and Xi is the gene expression of prognostic genes in the sample). Then, the
tumour tissue samples of GBM patients with survival information in the training dataset were classified into two groups, high risk
and low risk, based on the median risk score. To assess the reliability of the survival risk model, the Kaplan—-Meier (K-M)
survival curve and risk curve were plotted. In addition, the CGGA-GBM dataset, an external validation set, was used to confirm
that this survival risk model was applicable. In addition, we used “Spearman” to evaluate the associations between biomarkers
and the expressions of genes relevant to CAFs infiltration across various risk categories.

The “Wilcoxon” test was used to evaluate risk scores by clinical parameters (age, gender, tumor status, and radiation).
A nomogram was created using cox analysis’ prognostic clinical variables. To test the prognostic model, the calibration
curve and ROC curve of the nomogram were produced.

Mutation and Function Analyse in Different Risk Groups

The somatic mutation between different risk groups were compared by “TCGAbiolinks” R package) (version 0.3.0).>**
Then, the differences in risk scores between different clinical indicators (age (<=60 and >60), gender (male and female),
tumor status, (tumor free and with tumor), radiotherapy (yes and no)) were analysed by Wilcoxon test and box plots were
drawn. Next, the tumor mutation burden (TMB) were computed, and the correlation between TMB and risk score was
examined by “Spearman” analysis.

Moreover, the gene set enrichment analysis (GSEA) were performed to study the function of genes in different risk
groups by “clusterProfiler” R packages. On the other hand, the epithelial mesenchymal transition (EMT) score, TGF-§
signaling score and angiogenesis score were calculated based on the 200 EMT-related genes, 54 TGF-f signaling-related
genes and 36 angiogenesis-related genes by “ssGSEA” algorithm, respectively.?® The correlations between risk score and
these three scores was assessed by “Spearman”.

Construction of Competitive Endogenous RNAs (ceRNA) Regulatory Network

The miRNet, mirDIP and StarBase databases were used to estimate the matching miRNAs of model genes, and the
targeted miRNAs were obtained by intersecting these three groups of predicted miRNAs. After that, the miRNet, mircode
and StarBase databases were utilized to predict the IncRNA that corresponded to the targeted miRNA, similarly, the
targeted IncRNAs were obtained by intersecting these three groups of predicted IncRNAs. Then, the ceRNA regulatory
network was constructed by “Cytoscape” (version3.8.2).>’

In vitro Validation of the BDKRB2 Gene

Cell Culture and Cell Transfection

Human glioblastoma U87 cells were acquired from iCell Bioscience located in Shanghai, China. U87 cells were grown in
DMEM medium (Gibco, USA) supplemented with 10% FBS (Gibco, USA). Overexpressing lentivirus (oe-BDKRB2) of
BDKRB2 and the empty control virus (oe-BDKRB2) were acquired from Shanghai Mega. U87 cells were infected with
lentivirus, then screened in puromycin-containing media, and transfection efficiency was confirmed with PCR analysis. Table 1
lists the primers in the study.

Table | Primers for RT-PCR

Gene Forward Primer (5’-3%) Reverse Primer (5’-3’)

BDKRB2 | GTCTGTTCGTGAGGACTCCG | AAAGGTCCCGTTAAGAGTGGG
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Wound Healing Assay

Evaluation of cellular migratory potential with the Wound Healing Assay To evaluate the migratory potential of U87
cells, procedures were conducted as outlined in prior research after 0 hours and 24 hours of culture, and the migration
extent of U87 was examined microscopically (OLYMPUS, Japan).

Transwell

Matrigel (Corning, USA) was thawed at 4°C. Matrigel was diluted with serum-free cell culture media at a 1:8 ratio on ice
and gradually introduced into Transwell chambers, which were thereafter incubated at 37°C in a 5% CO, environment.
100 pL of serum-free media was dispensed into each well, and cells were injected at a density of 1000 cells per well.
Five hundred microliters of medium with 10% FBS were introduced into the bottom chamber, while 100 to 200
microliters of cell suspension were placed in the top chamber and incubated in the incubator. Transwell staining was
performed with crystal violet, and the cells were examined microscopically and enumerated post-staining.

Statistical Analysis
A minimum of three replications were used to assess the biological experiments in SPSS 25. The independent samples
t-test was used to compare the two groups, with a p-value of less than 0.05 being deemed statistically significant.

Results
46 CAF Infiltration Related Genes

In this study, the K-M results indicated that there were significant differences between different CAFs infiltration and stromal
score groups (p < 0.05) (Figure 1A and B). Sample clustering analysis was implemented and the results showed that there were
six outlier samples need to cull (Figure 1C). When the optimal soft threshold value was identified as 8, the network was close
to scale-free distribution (Figure 1D). Totals of 17 modules were identified, and the correlation analysis results showed that the
MEcyan module had a significantly positive correlation with CAFs infiltration score (cor = 0.76, p = 2e-29) (Figure 1E and F).
Then, a total of 46 CAFs infiltration related genes in the MEcyan module with MM > 0.7 and GS > 0.4 were screened for
subsequent analysis (Figure 1G and Supplementary Table 1).

As the perspective of function, these 46 CAFs infiltration related genes were mainly enriched in endoplasmic
reticulum lumen, focal adhesion, integrin binding and growth factor binding etc. 231 Gene Ontology (GO) functions.
Besides, these genes were associated with focal adhesion, PI3K-Akt signaling pathway, ECM—receptor interaction etc. 16
Kyoto Encylopaedia of Genes and Genomes (KEGG) pathways (Figure 1H, Supplementary Tables 2 and 3).

4 Biomarkers Were Used to Construct the Survival Risk Model

In this study, four biomarkers, including STC1, BDKRB2, SOCS3 and FURIN were identified, and all of them were
negative factors (Hazard Ratio > 1) of GBM (Figure 2A and B). Then, the risk score was calculated and the high- and
low-risk groups were divided. The risk curve and K-M curve showed substantial survival differences across risk groups
(p <0.05) (Figure 2C and D). The validation dataset risk curve and K-M curve matched the training dataset (Figure 2E
and F). These findings showed that this survival risk model might be utilized to build a GBM prognostic model.

Construction of the Nomogram in GBM

Besides, we founded that most of the CAFs infiltration related genes were up-regulated in high-risk group (Figure 3A).
Moreover, four biomarkers had positive correlations with COL5SA1, ACTA2, COLIA2 etc. Genes, and had negative
correlations with ZEB1, CDK2, SCRGI etc. genes. Among them, COL5A1 might be the key gene, which was extremely
positively associated with all these four biomarkers (p < 0.0001) (Figure 3B).

Furthermore, three factors including age, tumor status and risk score that associated with prognosis were screened, and all of
them were negatively associated with patient survival (Figure 3C and D). The nomogram with these three prognostic factors was
constructed (Figure 3E). The calibration curve of the nomogram showed that the slopes of 0.5-, 1.5-, and 2.5-year survival rate
close to 1, and the area under ROC curve (AUC value) of 0.5-, 1.5-, 2.5-year were greater 0.6 (0.693, 0.686 and 0.714), all these
results indicated that the nomogram could be used as an effective prognostic model of GBM (Figure 3F and G).
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The EMT and Angiogenesis Functions Played a Vital Role in the Progress of GBM

The GSEA results showed that the chemokine signaling pathway, cytokine-cytokine receptor interaction, ECM receptor
interaction etc. pathways were significantly highly enriched in high-risk group, and the oxidative phosphorylation etc.
pathways were significantly highly enriched in low-risk group (Figure 4A and B, Supplementary Table 4). Furthermore,

risk scores did not differ significantly in clinical traits such as age, gender, radiotherapy and tumour status
(Supplementary Figure 1). However, the risk score was significantly positively correlated with EMT, TGF-B, and

angiogenesis scores (Figure 4C-E).

In addition, it was worth noting that there was a significant difference in mutation of PTEN in high-risk group
(mutation rate = 38%), and a significant difference in mutation of TP53 in low-risk group (mutation rate = 42%)
(Figure 5A and B). Besides, the risk score was significantly negatively correlated with the TMB (Cor =—0.18, p = 0.028)
(Figure 5C and D).

CeRNA Network Construction

In this study, we identified 61 targeted miRNAs and 83 targeted IncRNAs (Figure 6A and B). Then, the ceRNA regulatory
network was constructed with 3 mRNAs, 10 miRNAs and 32 IncRNAs (Figure 6C). In this network, hsa-miR-107 and hsa-miR
-17-5p were the key targeted miRNAs, which could regulate FURIN and STC1 at the same time. Notably, the KCNQ1OT]1 could
competitively conjugated with 11 targeted miRNAs, NEAT1 could competitively conjugated with eight targeted miRNAs, XIST
could competitively conjugated with eight targeted miRNAs, MALAT1 could competitively conjugated with four targeted
miRNAs, PVTI could competitively conjugated with four targeted miRNAs, MCM3AP-AS1 could competitively conjugated
with three targeted miRNAs, and further regulating FURIN, STC1 and SOCS3.
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BDKRB2 Gene Function Experiment
As shown in Figure 7A, qRT-PCR confirmed successful transfection of U87 human glioma cells. Figure 7B and C illustrate

that the cell scratch experiment and the transwell assay, respectively, demonstrated that overexpressing the BDKRB2 gene

promoted cell healing and cell invasion, respectively.

Discussion
CAFs facilitate the creation and remodeling of the extracellular matrix, engage intimately with cancer cells, and enhance

their proliferation and migration.'> Mesenchymal phenotype stromal cells expressing CAF markers in GBM are
associated with tumor development and angiogenesis in GBM.'” This demonstrates a significant connection between
GBM and CAFs. In this study, we initially assessed the negative prognostic significance of cancer-associated fibroblasts
(CAFs) in glioblastoma (GBM) by analyzing CAF infiltration levels within the GBM tumor microenvironment. Our
findings indicated that patients with high CAF infiltration exhibited a markedly reduced survival probability compared to
those with low CAF infiltration, corroborating previous research.”®

This research revealed 46 infiltration-associated genes related to CAFs, mostly implicated in pathways including focal
adhesion, the PI3K-Akt signaling pathway, and ECM receptor interaction. A substantial body of research demonstrates
that focal adhesion has a role in all phases of cancer development, is linked to cell invasion and migration and is crucial
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for cancer cells to sustain their survival and modify their local microenvironment. Interactions between the extracellular
matrix, cell adhesion, proliferation, and migration within the tumor microenvironment are fundamentally connected to
cancer pathways.?>?° Gabler L has asserted that the primary function of fibroblast growth factor in facilitating
glioblastoma is cell invasion.’' The hyperactivation of the PI3K-Akt signaling pathway is a crucial mechanism in the
survival, growth, and proliferation of several tumors, including glioblastoma multiforme (GBM).*? This route has been
shown to be linked to processes of GBM-specific radioresistance.’®> We propose that the genes associated with CAF
infiltration facilitate the progression of GBM by influencing the tumor microenvironment and augmenting cellular
proliferation, migration, and invasion primarily via the activation of signaling pathways such as PI3K-Akt.

We identified four CAFs infiltration-related markers linked to the prognosis of GBM patients: BDKRB2, FURIN,
SOCS3, and STC1, all of which serve as poor prognostic indicators for GBM. We subsequently developed a risk model
utilizing these four biomarkers, categorizing GBM patients into high- and low-risk groups. Functional analyses revealed
a significant positive correlation between the risk scores and the epithelial-mesenchymal transition (EMT) signaling
pathway, the TGF- signaling pathway, and the angiogenic pathway. BDKRB2 has been extensively documented in
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many malignant neoplasms, including cervical cancer, breast cancer, hepatocellular carcinoma, and squamous cell
carcinoma of the head and neck.**>° In several malignancies, BDKRB2 functions as an oncogene, facilitating tumor
growth by enhancing cell proliferation, migration, and angiogenesis.>’® Ying Yang et al identified BDKRB2 as a new
biomarker linked with epithelial-mesenchymal transition (EMT) that predicts poor survival in gliomas.>* We hypothesize
that BDKRB2 may facilitate GBM growth by stimulating the EMT signaling pathway. Andrea Shergalis et al found 20
genes, including FURIN, that are overexpressed in glioblastoma patients by bioinformatics analysis and correlate with
worse survival outcomes.*® FURIN has a tumorigenic effect in glioma starting cells by facilitating the activation of TGFf1
and TGFB2. Furthermore,*' FURIN has been linked to various tumor progression phenomena; it has been documented as
overexpressed in thyroid cancer patients, correlating significantly with aggressive clinicopathological features and unfa-
vorable outcomes. Additionally, FURIN is implicated in the activation of the Notch signaling pathway, which facilitates
hepatic metastasis in breast cancer.** Mercapide et al also noted that in astrocytoma cells, inhibition of FURIN reduced cell
proliferation and invasiveness.*> The worse prognosis of FURIN in GBM may be linked to invasion. SOCS3 was
downregulated in the majority of TCGA cancer datasets but had high expression in brain tumors, breast cancer, esophageal
cancer, colorectal cancer, and lymphomas. Yeuni Yu et al identified SOCS3 as a significant biomarker for GBM, linked to
the proliferation of neural tissue.** Lirui Dai et al confirmed its elevated expression in LGG and GBM by immunohis-
tochemistry and discovered that SOCS3 contributes to cancer progression primarily via the JAK/STAT signaling pathway
and cytokine receptor activation.*> New research by Shuhua Zheng et al demonstrates that the expression level of SOCS3
correlates with immunotherapy or chemotherapy across various cancer types, identifying SOCS3 as a possible predictive
biomarker for anti-angiogenic treatment.*® Our work indicated a substantial correlation between the risk score model and
the angiogenic pathway, with SOCS3 potentially playing a crucial role in this relationship. Sakata J et al indicated that the
life duration of GBM patients exhibiting elevated STC1 levels was markedly reduced compared to those with diminished
STCI levels, as determined using survival analysis.*’ Yan Xiong et al assessed the mRNA expression level of STCI in
GBM via quantitative PCR and discovered that its expression was elevated and significantly associated with poor outcomes
in GBM patients.*® They also demonstrated that STC1 modulates the migration and invasion of GBM through the TGF-p
signaling pathway, as evidenced by transfection experiments. Our research indicated that the risk score model correlates
with the TGF-B signaling pathway. In our study, we found significant positive correlations between COL5A1 and four
biomarkers among 46 infiltration-associated genes associated with CAFs. COL5A1 is a regulatory fibre-forming collagen
that has been associated with breast, gastric and other cancerous diseases.*’ It was found that down-regulation of COL5A1
in vitro inhibited the proliferation and migration of glioma cells and enhanced their sensitivity to temozolomide,”® and
overexpression of COL5A1 in the LN-229 cell line enhanced the migration and invasive ability of the cells, suggesting that
OL5A1 may be associated with the migration of GBM.”' Our study indicated that overexpression of the BDKRB2 gene
promoted cell healing and cell invasion. Notably, there was a significant positive correlation between BDKRB2 and
COL5AL, and we speculate that there may be some synergistic effect between the two in regulating glioma cell behaviour.
However, the specific mechanism of action between them still requires further in-depth study.

Finally, we established a CeRNA network including 3 biomarkers, 10 miRNAs, and 32 IncRNAs.’* Has-miR-107,
situated at the core of the network, can modulate both FURIN and STC1. It has been documented to participate in the
TGF-B signaling pathway and influence prostate cancer progression, indicating that has-miR-107 may regulate STC1 and
affect GBM migration and invasion via the TGF-f signaling pathway.

This work found four CAFs-related biomarkers that influence cell adhesion and invasion, impacting GBM advance-
ment primarily via the activation of the EMT signaling route, the TGF-f signaling pathway, and the angiogenic pathway.
Nonetheless, this research has several drawbacks. Initially, confounding variables (eg, age, treatment method, etc) were
not accounted for in the investigation, thereby compromising the accuracy of the findings. Future stratified analyses
might be conducted to mitigate the impact of these confounding factors and validate the reliability of the results.
Secondly, although our work investigated the function of the BDKRB2 gene in human glioblastoma cells by cell scratch
and transwell assays, we regrettably did not pursue further investigation and confirmation of other potentially relevant
biomarkers. Moreover, some key discoveries in this work are based on predictions derived from bioinformatics analysis,

which provide significant insights but need definitive experimental validation. Consequently, further comprehensive and
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stringent experimental investigations, including gene knockdown, overexpression assays, and animal model studies, are
required to further corroborate and enhance the existing results.

Conclusion

In this research, four biomarkers associated with CAF infiltration were screened and a prognostic model of GBM was established,
which not only provides a novel perspective for clinical diagnosis but also reveals the potential targets for patient prognosis and
points out the direction for the development of novel drugs. More importantly, this model is expected to assist physicians in
clinical practice to more accurately assess the disease progression and prognosis of patients and thus enable the personalisation of
treatment plans. In addition, this study also predicted the upstream miRNA regulation of these biomarkers, thus deepening the
understanding of the molecular mechanism of GBM. In summary, this study not only enriches the molecular mechanism of GBM
but also provides new perspectives for its clinical diagnosis and treatment. We expect that future studies will further validate these
findings and promote their translation to clinical applications.
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