
1

2025, Volume 11, E22

Research Paper
Bioinformatics-based Study of Cancer Stem Cell Function 
as Diagnostic Biomarkers in Glioblastoma Multiforme

Haniye Abbasi1 , Saman Morovat2 , Shahrokh Yousefzadeh-Chabok3, 4  , Seyedeh Elham Norollahi5 , Fatemeh Nejatifar6 , Kourosh Delpasand7 , 
Kosar Babaei8  Afshin Dalili3 , Ali Akbar Samadani3* 

1. School of Medicine, Guilan University of Medical Sciences, Rasht, Iran.
2. Department of Medical Genetics and Molecular Biology, School of Medicine, Iran University of Medical Sciences (IUMS), Tehran, Iran.
3. Guilan Road Trauma Research Center, Trauma Institute, Guilan University of Medical Sciences, Rasht, Iran.
4. Neuroscience Research Center, Trauma Institute, Guilan University of Medical Sciences, Rasht, Iran.
5. Reproductive Health Research Center, Al-Zahra Hospital, Guilan University of Medical Sciences, Rasht, Iran.
6. Department of Hematology and Oncology, Razi Hospital, School of Medicine, Guilan University of Medical Sciences, Rasht, Iran.
7. Department of Medical Ethics, Guilan University of Medical Sciences, Rasht, Iran.
8. Noncommunicable Diseases Research Center, Neyshabur University of Medical Sciences, Neyshabur, Iran.

* Corresponding Author: 
Ali Akbar Samadani, PhD.
Address: Guilan Road Trauma Research Center, Trauma Institute, Guilan University of Medical Sciences, Rasht, Iran.
E-mail: a.a.hormoz@gmail.com

Background and Aim: Glioblastoma multiforme (GBM) is a highly aggressive primary brain tumor 
with poor prognosis, largely driven by glioma stem-like cells (GSCs). Novel biomarkers that both 
characterize GSCs and predict patient survival are urgently needed. This study aims to identify GSC-
related genes with prognostic value in GBM through integrated bioinformatics analyses.

Methods and Materials/Patients: Microarray data (GSE23806) comparing glioma cell lines and 
GSCs were downloaded via GEOquery in R and normalized. Differentially expressed genes (DEGs) 
were identified using the limma package (log₂ fold change ≥1, adjusted P<0.01). DEGs were cross-
referenced with TCGA GBM tumor data via GEPIA2 to find common dysregulated genes. Kaplan–
Meier survival analyses were performed using GEPIA2 to identify genes associated with survival. 
Protein–protein interaction (PPI) networks were built using GeneMANIA in cytoscape. Functional 
enrichment analyses (GO and KEGG) were conducted using clusterProfiler, with q<0.01.

Results: A total of 1212 DEGs were i SMAD13 dentified in GSCs vs glioma cell lines and 5224 DEGs 
in GBM tumors vs normal tissues; 355 genes were commonly differentially expressed. Survival 
analysis revealed six genes (APLP1, CA14, PTPRN2, POR, ARMC10, and SMAD13) significantly 
associated with overall survival. Among these, CA14 and SMAD13 appeared protective (Hazzard 
ratio [R]~0.53–0.56), while APLP1, PTPRN2, POR, and ARMC10 were associated with risk (HR 1.6–
1.7). A PPI network with 26 nodes and 256 edges underscored extensive functional interactions. 
Enrichment analyses highlighted dysregulation in pathways including hypoxia response, metabolic 
processes, TGFβ signaling, and stem-like phenotypes.

Conclusion: Our integrated bioinformatics framework identified six novel GSC-related genes 
with prognostic significance in GBM, representing diverse biological roles that range from tumor 
suppression to oncogenic signaling. These genes hold promise as diagnostic or therapeutic targets, 
but require experimental validation, including gene expression assays and functional studies to 
substantiate their roles in GBM pathogenesis and therapy resistance.
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1. Introduction

lioblastoma multiforme (GBM) is the 
most aggressive and lethal primary brain 
tumor in adults, accounting for nearly half 
of all malignant gliomas [1, 2]. Despite 

current multimodal treatments, including maximal 
surgical resection, radiotherapy, and temozolomide 
chemotherapy, median survival remains poor at 
approximately 12–15 months, and one-year survival 
rates are under 5–10% [3]. GBM can arise de novo 
(primary GBM) or evolve from lower-grade astrocytomas 
(secondary GBM), with primary cases comprising over 
90% and usually affecting older individuals (~55–60 
years) [4] without clinical or histologic evidence of a less 
malignant precursor lesion (primary glioblastomas.

Distinct genetic alterations, including IDH mutations, 
EGFR amplification, TERT promoter mutations, and 
MGMT promoter methylation, have been implicated 

in the pathogenesis and prognosis of GBM. In addition, 
intratumoral heterogeneity, immune evasion, and 
the restrictive blood–brain barrier further complicate 
treatment and contribute to the poor clinical outcome 
[5, 6]. As such, novel diagnostic markers and therapeutic 
strategies remain urgently needed.

A subpopulation of glioma stem-like cells (GSCs) (also 
referred to as cancer stem cells [CSCs]) has emerged as 
a key driver of GBM recurrence, resistance to therapy, 
and aggressive behavior. These cells display enhanced 
self-renewal and tumorigenic potential, and are 
enriched in hypoxic microenvironments characterized 
by necrosis and pseudopalisading architecture. 
Hypoxia-inducible factors, particularly HIF1α and HIF2α, 
promote CSC maintenance by activating downstream 
stem cell regulators such as SOX2, OCT4, and CD133, 
thereby supporting GBM progression [7, 8]. Moreover, 
other molecular processes (like EMT, epigenetic 
reprogramming, m6A RNA methylation, and expression 
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Highlights 

• The analysis of the linkages and expression impacts of cancer stem cell activities across many pathways indicated 
that all these genes can be considered as diagnostic biomarkers in glioblastoma multiforme.

• The GSE23806 and GEPIA2 datasets identified 355 common genes with increased expression. 

• 12 genes were found to play a role in patient survival, and 6 genes were found to be significantly enriched.

Plain Language Summary 

One of the most malignant types of malignancies is glioblastoma Multiform (GBM) with a high mortality rate.GBM 
could be an exceedingly threatening brain tumor, constituting over 50% of essential central nervous system gliomas, 
with unmistakable hereditary changes and signaling pathways affecting its progression. GBM is the foremost forceful 
and predominant essential brain tumor in adults, characterized by rapid growth and a poor prognosis. Despite new 
therapeutic and diagnostic advancements, the median survival rate is 14 months. The current understanding of GBM 
oncogenomic, signaling pathways, and glioma stem cell science indicates the importance of this novel knowledge 
in controlling GBM.Considerably, cancer stem cells (CSCs) are a minor subset of tumor cells capable of self-renewal 
and differentiation into several cell lineages. In comparison to other stem cells, they exhibit a greater tumorigenic 
potential across many tissues and organs. CSCs inhabit distinct microenvironments referred to as niches. Two defining 
traits of stem cells, in contrast to other cell lineages, are their capacity for self-renewal via mitotic division and their 
capability to specialize in diverse cell types. Stem cells are classified as embryonic stem cells, fetal stem cells, and adult 
stem cells based on the developmental stage at which they are obtained. Stem cells can be categorized according to 
their differentiation potential into totipotent, pluripotent, and multipotent stem cells. CSCs, or tumor-initiating cells, 
are a minor fraction of cells inside a tumor. These cells have the capacity for self-renewal, differentiation into many cell 
lineages, significant tumorigenicity, and involvement in metastatic spread. In this way, besides the routine therapeutic 
and diagnostic strategies, translational medicine, including cellular and molecular methods, has been considered 
as a novel and practical approach. Considerably, the bioinformatic way can lead to a better result in therapy and 
diagnosis. Importantly, we employed the bioinformatic analysis to detect the practical and important genes in GBM 
as diagnostic biomarkers.
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of lncRNA H19) also contribute to GSC regulation and 
therapeutic resistance, underscoring the complexity of 
GBM biology [8–10].

Current evidence suggests that targeting pathways 
central to GSC function, such as hypoxia signaling, 
VEGF, TGF-β, CXCR4, and Notch, hold promise for 
improving therapeutic outcomes in GBM [6, 7]. 
However, the translation of CSC-targeted therapies 
remains challenging due to intratumoral heterogeneity 
and dynamic interactions within the tumor 
microenvironment.

Given this context, bioinformatics approaches that 
integrate gene expression profiling from GBM stem‑like 
cell models and clinical datasets may uncover novel 
biomarkers and therapeutic targets. In the current study, 
we analyze the GEO dataset GSE23806 (comprising 
glioblastoma stem‑like cell lines and conventional glioma 
lines) as well as TCGA GBM expression data via the 
GEPIA2 platform. By identifying common dysregulated 
genes, examining their prognostic significance, and 
mapping their protein‑interaction networks, we aim 
to discover novel diagnostic and survival‑related 
biomarkers associated with GBM stem‑like biology.

2. Methods and Materials/Patients

Data acquisition and preprocessing

The microarray dataset GSE23806 was downloaded 
from the Gene Expression Omnibus (GEO) [11] database 
using the GEOquery package [12, 13] in R software, 
version 4.2.2. This dataset, based on the Affymetrix 
Human Genome U133 Plus 2.0 Array platform, includes 
gene expression profiles from 32 conventional glioma 
cell lines and 23 glioblastoma stem-like cell lines. The 
glioblastoma stem-like group comprised 12 GS cell lines, 
7 subclonal lines derived from two GS lines, 12 primary 
tumor samples, and 4 monolayer cultures established 
from tumors analogous to the GS lines.

Initial quality control and normalization of raw expression 
data were performed to reduce technical variation 
and ensure sample comparability. Normalization was 
confirmed through standard quality assessment metrics 
and visualizations using boxplots and density plots in R.

Differential expression analysis

To identify differentially expressed genes (DEGs) 
between glioblastoma stem-like cell lines and 
conventional glioma cell lines, the limma package 

from Bioconductor was employed. Genes with a |log₂ 
fold change ≥1| and an adjusted P<0.01 (Benjamini-
Hochberg method) were considered significant.

To validate the results from GSE23806, the Gene 
Expression Profiling Interactive Analysis 2 (GEPIA2) 
web server was used to compare gene expression 
between glioblastoma (GBM) tissues and normal brain 
tissues, utilizing data from the cancer genome atlas 
(TCGA). Differentially expressed genes with the same 
threshold criteria (log₂ fold change ≥1, adj. P<0.01) were 
retrieved. The intersection of dysregulated genes from 
both datasets was determined to identify consistently 
differentially expressed genes in glioblastoma.

Survival analysis

The Kaplan–Meier survival analysis was conducted 
using GEPIA2 to assess the prognostic significance of the 
intersected dysregulated genes (n=355). Overall survival 
(OS) analysis was performed by stratifying patients into 
high- and low-expression groups based on median gene 
expression levels. Genes with a log-rank P<0.05 and a 
Hazard ratio (HR)>0.5 were considered significantly 
associated with survival outcomes. A manual literature 
review was conducted using PubMed to identify the top 
survival-related genes and assess their novelty in the 
context of GBM.

Protein–protein interaction (PPI) network construction

To explore the functional interactions among survival-
associated genes, a PPI network was constructed using 
the GeneMANIA [14] plugin within the Cytoscape 
software, version 3.9 [15]. GeneMANIA integrates 
various data types, including physical protein 
interactions, co-expression, genetic interactions, co-
localization, shared pathways, and protein domain 
similarity. The network was visualized and analyzed to 
identify gene clusters and patterns of connectivity.

Functional enrichment analysis

Gene ontology (GO) and Kyoto encyclopedia of genes 
and genomes (KEGG) pathway enrichment analyses 
were performed using the clusterProfiler package 
[16] in R. The groupGO, enrichGO, and enrichKEGG 
functions were used to identify significantly enriched 
biological processes (BPs), molecular functions (MFs), 
cellular components (CCs), and pathways among the 
survival-related genes. A q<0.01 (adjusted using the 
Benjamini-Hochberg method) was set as the threshold 
for statistical significance. 
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3. Results

Dataset description and preprocessing

To identify DEGs, the microarray dataset GSE23806 was 
obtained from the GEO database using the GEOquery 
package in R. This dataset is based on the Affymetrix 
human genome U133 Plus 2.0 Array and includes 
expression profiles from 55 samples, comprising 32 
conventional glioma cell lines, and 23 glioblastoma 
stem-like cell lines (12 GS cell lines, 7 subclonal lines 
derived from two GS lines, 12 primary tumors, and 4 
monolayer cultures established from tumors similar to 
the GS lines). Before downstream analysis, the dataset 
underwent quality assessment and normalization to 
ensure comparability and minimize technical variation 
(Figure 1).

Identification of dysregulated genes in stem-like and 
tumor samples

Differential gene expression analysis was conducted 
using the limma package in R, with thresholds set at a 
log₂ fold change of ≥1 and an adjusted P<0.01. Based 
on this, 1211 dysregulated genes were identified 

in glioblastoma stem-like cell lines compared to 
conventional glioma cell lines.

To validate and extend these findings, the GEPIA2 web 
server was utilized to analyze gene expression in TCGA 
GBM samples in comparison to normal brain tissues. This 
analysis revealed 5217 genes that were dysregulated in 
tumor samples. The intersection of the two datasets 
yielded 355 commonly dysregulated genes, indicating a 
robust set of glioblastoma-associated transcripts (Figure 
2).

Out of 1211 genes dysregulated in GSE23806 and 5217 
in GEPIA2, 355 genes were commonly dysregulated, 
indicating strong concordance between stem-like cell 
line and tumor tissue expression profiles.

Survival analysis and identification of novel prognostic 
genes

A Kaplan–Meier survival analysis was performed using 
GEPIA2 to evaluate the association between OS and the 
355 commonly dysregulated genes. As a result, 12 genes 
were found to have a statistically significant impact on 
patient survival.

Figure 1. Normalization of microarray expression data from glioma and glioblastoma stem-like cell lines 

Note: This figure illustrates the quality control and normalization assessment of the GSE23806 microarray dataset. Data normalization 
ensures reduced technical noise and reliable differential expression analysis.
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Figure 2. Venn diagram showing common dysregulated genes in gse23806 and GEPIA2 datasets

Figure 3. Expression profiles of six target genes (APLP1, CA14, PTPRN2, POR, ARMC10, SMAD13) in glioblastoma and normal tissues
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A literature search was subsequently performed via 
PubMed to assess prior investigations of these 12 genes 
in glioblastoma. Six of these genes were identified 
as novel, with no prior evidence linking them to GBM 
Figure 3, Table 1).

These genes exhibit downregulated expression in GBM 
tissues compared to stem cell tissues, suggesting their 
potential as novel diagnostic and prognostic biomarkers 
for glioblastoma.

Figure 4. PPI network of survival-related genes using geneMANIA

Table 1. The results of expression analysis and survival analysis

Gene Names ID Adjusted P LogFC Survival P HR

APLP1 ENSG00000105290.11 3.33E-35 -1.53 0.01 1.6

CA14 ENSG00000118298.10 2.19E-22 -1.17 0.00065 0.53

PTPRN2 ENSG00000155093.17 7.49E-31 -1.42 0.0078 1.6

POR ENSG00000127948.13 3.85E-42 -1.1 0.005 1.7

ARMC10 ENSG00000170632.13 8.28E-57 -1.1 0.013 1.6

SMAD13 ENSG00000203943.8 4.73E-73 -1.14 0.0017 0.56
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Construction of PPI network

To explore the molecular relationships among the 12 
survival-related genes, a PPI network was constructed 
using the GeneMANIA plugin within cytoscape. 
GeneMANIA incorporates multiple functional datasets, 
including physical interactions, co-expression, pathways, 
and shared protein domains.

The resulting network comprised 26 nodes and 256 
edges, representing extensive functional connectivity 
among the survival-associated genes (Figure 4).

The PPI network reveals a high degree of 
interconnectivity among the selected genes, indicating 
potential co-regulatory or synergistic roles in 
glioblastoma pathogenesis.

Functional enrichment analysis

To gain insight into the biological roles of the survival-
related genes, functional enrichment analysis was 

performed using the clusterProfiler package in R. 
GO terms and KEGG pathways were assessed using 
groupGO, enrichGO, and enrichKEGG, with q<0.01 set 
as the threshold for significance.

This analysis revealed significant enrichment in 
pathways and BPs related to glioblastoma progression 
(Figure 5).

Key enriched GO terms and KEGG pathways highlight 
the involvement of these genes in critical BPs and 
signaling pathways relevant to glioblastoma stem cell 
maintenance and tumorigenesis.

4. Discussion

In this study, we identified 355 genes that are 
consistently dysregulated in both glioblastoma stem-
like cell lines (GSE23806) and TCGA GBM tumor 
tissues, as determined by GEPIA2, of which 12 genes 
were significantly associated with overall survival. 
Remarkably, six genes (APLP1, CA14, PTPRN2, POR, 

Figure 5. Functional enrichment analysis of survival-related genes based on go and KEGG pathways
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ARMC10, and SMAD13) emerged as novel prognostic 
markers in GBM, to our knowledge, not previously 
reported in the context of glioblastoma literature.

In this study, we identified six genes (APLP1, CA14, 
PTPRN2, POR, ARMC10, and SMAD13) that are 
dysregulated in glioblastoma compared to stem cells 
and are significantly associated with patient survival. 
Based on HRs, two genes (CA14 and SMAD13) appear 
protective (HR<1), while the other four (APLP1, PTPRN2, 
POR, and ARMC10) are associated with increased risk 
(HR>1).

High-risk genes with HR>1 may contribute to more 
aggressive tumor behavior or stem-like characteristics, 
driving poorer outcomes. In contrast, protective genes 
with HR<1 (CA14 and SMAD13) suggest potential 
tumor-suppressive roles or involvement in pathways 
that moderate malignancy under hypoxic or stress 
conditions. This dichotomy reveals the biological 
complexity of GBM and might highlight context-
dependent gene functions, such as differential roles in 
tumor initiation, progression, or response to therapy.

Although APLP1 has been implicated in neural 
development and amyloid processing, its diagnostic 
and prognostic value in GBM is largely unexplored. A 
recent study found that APLP1-positive extracellular 
vesicles (EVs) in patient plasma were significantly 
elevated in GBM, suggesting potential utility as a non-
invasive biomarker for early detection [17]. Additionally, 
network-based analyses have highlighted APLP1, 
among other genes, as novel candidate biomarkers in 
GBM pathogenesis. These reports lend credence to 
our identification of APLP1 as a survival-related gene, 
supporting further investigation of its role in GBM 
biology.

CA14 encodes carbonic anhydrase XIV, which plays 
a crucial role in pH regulatory function, which is 
essential1818 for maintaining maintaining tumor 
microenvironment homeostasis under hypoxia and 
acidosis. Interestingly, CA14 has been identified by 
machine learning models as a key circadian rhythm 
gene predictive of melanoma prognosis, providing 
precedent for its potential as a diagnostic marker across 
malignancies. Its HR of 0.53 in our GBM cohort suggests 
that elevated CA14 may contribute to a more regulated 
microenvironment and improved survival, meriting 
further investigation in brain tumors [18-20].

POR (cytochrome P450 oxidoreductase) supports 
metabolic functions essential for the survival of tumor 

cells. Its association with poorer prognosis (HR=1.7) 
aligns with the metabolic reprogramming characteristic 
of aggressive GBM.

ARMC10 knockdown significantly reduced 
proliferation, migration, invasion, and tumor growth in 
GBM models. Gene set enrichment associates ARMC10 
with Notch signaling and fatty acid metabolism, and the 
lipid reductions observed upon knockdown underscore 
its role in metabolic adaptation. Low ARMC10 levels 
correlated with better patient outcomes, reinforcing 
its potential as an adverse prognostic marker and 
therapeutic target.

SMAD13 (like other SMAD family proteins) modulates 
TGF-β signaling, a pathway heavily implicated in GBM 
aggression and the mesenchymal subtype. Although less 
studied than SMAD4 or Smad3, SMAD13 may similarly 
influence tumor growth, apoptosis, and differentiation. 
Its HR of 0.56 suggests a possible tumor-suppressive 
or differentiative role in GBM, potentially antagonizing 
mesenchymal transition [21-23].

Our PPI network, constructed using GeneMANIA, 
revealed 26 nodes and 256 edges, underscoring 
the extensive functional interplay among survival-
related genes. Here, the network highlights functional 
associations, such as pathway co-expression and shared 
protein domains, suggesting that the novel genes are 
embedded within broader modules relevant to GBM. 
Future hub-centric analyses or cluster detection may 
pinpoint key regulatory modules that are amenable to 
therapeutic targeting.

The identification of six novel survival‑associated genes 
provides new avenues for diagnostic and therapeutic 
research. For instance, APLP1 may be measurable in 
EVs from blood, representing a minimally invasive 
diagnostic or monitoring tool. Other genes could 
serve as therapeutic targets, especially if they mediate 
stem-like or survival pathways in GBM. However, our 
findings are based on bioinformatics analyses, and 
further experimental validation in patient cohorts and 
functional assays is required. Future studies should 
evaluate whether these genes are expressed in glioma 
stem cell populations, respond to hypoxia or treatment, 
and affect tumor progression in xenograft or spheroid 
models.

A critical limitation of our work is the absence of 
experimental validation. Our findings are entirely 
based on bioinformatics and database-derived 
analyses and have not yet been corroborated through 
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laboratory assays, such as RT-qPCR, Western blotting, 
immunohistochemistry, or functional characterization 
in vitro or in vivo.

This limitation mirrors a common challenge in 
bioinformatics-based biomarker discovery. For instance, 
prior studies employing integrated expression and 
survival analyses often emphasized the need for 
subsequent laboratory validation to confirm predicted 
biomarkers [24, 25]. Similarly, translational model 
investigations have shown that while in silico models 
may yield promising targets, only through direct 
experimental validation (such as gene knockdown or 
protein-level validation) can translational relevance be 
established [26].

5. Conclusion

By integrating stem-like GBM cell line data with 
tumor expression profiles and survival analysis, this 
study uncovered novel biomarker candidates (notably 
APLP1, CA14, PTPRN2, POR, ARMC10, and SMAD13) 
with potential diagnostic and prognostic relevance. 
These genes, coupled with functional enrichment and 
interaction networks, deepen our understanding of 
GBM stem-like biology and pave the way for future 
translational research targeting glioblastoma stemness 
and therapy resistance.
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