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Abstract

Objective Glioma is the dominant primary intracranial malignancy. The roles of CENPF and the CENPF - p53 axis in
glioma remain elusive. This study uses bioinformatics and animal experiments to clarify the relationship between CENPF
and p53 in glioma. CENPF affects spindle assembly and chromosomal segregation, while p53 is a tumor—suppressor gene.
Their dysregulation may interact and impact glioma development. Our research aims to uncover the underlying molecular
mechanisms, offering new perspectives for glioma diagnosis and treatment.

Method Gene expression data from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/) were
retrieved, specifically datasets GSE50161, GSE104291, and GSE12249. Volcano plots were generated to visualize differen-
tially expressed genes (DEGs), and intersecting DEGs were identified using Venn diagrams. Weighted gene co-expression
network analysis (WGCNA) was employed to construct and analyze the protein—protein interaction (PPI) network. Addition-
ally, gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were conducted. Gene
set enrichment analysis (GSEA) was utilized for comprehensive GO and KEGG analyses of the entire genome. Comparative
Toxicogenomics Database (CTD) analysis was performed, and TargetScan was used to identify miRNAs regulating central
DEGs. An animal model of glioma was established and analyzed via Western blot.

Result A total of 501 differentially expressed genes (DEGs) were identified, from which eight significant modules were
generated and ten core genes were extracted. These core genes exhibited differential expression patterns between glioma
tumor and non-tumor samples. Expression analysis revealed that the ten core genes associated with glioma (CENPF, PBK,
ASPM, KIF2C, KIF20A, CDC20, TOP2A, NUSAPI, TTK, KIF23) were significantly upregulated in tumor tissues (P <0.05).
They are primarily enriched in protein signal transduction, coated membrane structures, AP-type membrane coat adaptor
complexes, and chloride channel activity. KEGG pathway analysis indicated that these target genes were mainly involved in
nicotine addiction, arginine and proline metabolism, beta-alanine metabolism, and histidine metabolism. The mouse model
confirmed that CENPF and CDK-1 were highly expressed in glioma tissues, while p53, p21, and Caspase9 were downregu-
lated, leading to inhibition of the apoptosis pathway and exacerbation of glioma progression. Overexpression of CENPF
further suppressed key molecules in the p53-mediated apoptosis pathway. Conversely, low expression of CENPF activated
these key molecules, inducing apoptosis in glioma cells.

Conclusions CENPF exhibits elevated expression levels in glioma, potentially inhibiting cell apoptosis via the p53 signaling
pathway, consequently contributing to the onset and progression of glioma.
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paralysis, cognitive impairment, epilepsy, and blindness,
severely deteriorating patients’ quality of life and threaten-
ing their survival (Tsitlakidis et al. 2020; Xu et al. 2020).

Current treatment strategies for glioma, such as surgi-
cal resection, radiation therapy, chemotherapy, and targeted
therapies, require a comprehensive assessment of multiple
factors like patient functional status, expected treatment out-
comes, tumor location, and malignancy grade to formulate
an individualized treatment plan (Ellert-Miklaszewska et al.
2020). However, the etiology of glioma remains unclear,
with potential links to genetic factors, chromosomal aberra-
tions, and gene fusions. Thus, understanding the molecular
mechanisms underlying glioma development is crucial.

Genes play a pivotal role in glioma progression. CENPF
(Centromere Protein F) is a nuclear—Ilocalized protein
associated with the centromere and kinetochore complex
(Li et al. 2020). It is involved in spindle assembly and
chromosomal segregation during mitosis. When CENPF is
misregulated, it can lead to genomic instability, a common
characteristic in glioma cells (Hur et al. 2019).

The p53 gene, located on human chromosome 17 at posi-
tion p13, is a well-known tumor-suppressor gene (Sabapathy
and Lane 2019). It encodes a phosphoprotein that plays a
central role in cell-cycle control, DNA repair, and apoptosis.
The p53 protein, existing as a tetramer in vivo, is crucial for
maintaining normal cellular activities (Liu et al. 2019). Its
DNA-binding domain has endonuclease activity, influenc-
ing DNA recombination and repair (Agupitan et al. 2020).

The reason for studying CENPF and p53 in relation to
glioma is their fundamental roles in cellular processes that
are often dysregulated in cancer. CENPF’s role in maintain-
ing chromosomal stability and p53’s function in tumor sup-
pression are likely interconnected. For example, genomic
instability caused by CENPF misregulation could potentially
disrupt the normal functions of p53. When CENPF-induced
chromosomal abnormalities occur, p53’s ability to regulate
the cell cycle and initiate DNA repair or apoptosis might be
compromised. Conversely, defects in p53 could also affect
the normal regulation of CENPF, leading to further genomic
instability (Sun et al. 2023). Understanding this relation-
ship could provide new insights into the complex molecular
mechanisms driving glioma development.

In modern biological research, bioinformatics technology
has become an essential tool. It involves processing and ana-
lyzing diverse proteomic data, and its scope has expanded
from basic genome and proteome analysis to exploring
known and novel gene products (Fu et al. 2020; Chen et al.
2020).

This study aims to use bioinformatics methods to identify
core genes differentiating glioma from normal tissues and
conduct enrichment and pathway analyses. The significant
roles of p53 and CENPF in glioma were validated using
public datasets and further confirmed through fundamental
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cellular experiments. To ensure consistency, the abstract will
be updated to clearly state the focus on p53 and CENPF in
the context of glioma research.

Methods
Data source and sample information

Glioma brain-tumor datasets GSE104291, GSE122498, and
their corresponding configuration files were retrieved from
the GPL570 GEO database (http://www.ncbi.nlm.nih.gov/
geo/). GSE50161 encompassed 34 glioma tumor samples
and 13 non-tumor brain tissue samples. GSE104291 con-
sisted of 4 glioma tumor samples and 2 non-tumor brain tis-
sue samples, while GSE122498 contained 16 glioma tumor
samples. These datasets were utilized to identify differen-
tially expressed genes (DEGs) for glioma tumor analysis.

Data analysis
Screening of DEGs

For the matrices of GSE50161, GSE104291, and
GSE122498, the R package “limma” was employed to
conduct probe summarization and background correction
separately. Differential gene screening was based on matrix
score, immune score, and disease status. The Benjamini-
Hochberg method was utilized to adjust the raw P-values,
and the fold-change (FC) was calculated using the false dis-
covery rate (FDR). The criterion for identifying DEGs was
set as FDR < 0.05. Subsequently, a volcano plot was gener-
ated to visualize the differential genes, and the intersection
of DEGs was obtained through a Venn diagram.

Weighted gene co—expression network analysis (WGCNA)

The Median Absolute Deviation (MAD) of each gene was
computed individually using the GSE50161, GSE104291,
and GSE122498 matrices. The top 50% of genes with the
lowest MAD values were excluded. Outlier genes and sam-
ples were eliminated via the goodSamplesGenes method
within the R software package WGCNA. A scale-free co-
expression network was constructed as follows: First, for all
gene pairs, the Pearson correlation matrix was calculated
and the average chain method was applied. Then, the power
function (where represents the Pearson correlation between
Gene and Gene, and represents the adjacency between Gene
and Gene) with was used to construct the weighted adja-
cency matrix. This adjacency matrix was then converted
into a topological overlap matrix (TOM). TOM quantifies
the network connectivity of a gene, which is defined as the
sum of its connections with all other genes in the network
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relative to the total number of genes. Concurrently, the cor-
responding degree of dissimilarity (1-TOM) was computed.
To cluster genes with comparable expression profiles into
gene modules, average linkage hierarchical clustering was
implemented based on the dissimilarity measures derived
from TOM. The minimum size of the gene dendrogram
was set at 30, and the sensitivity was adjusted to 3. For a
more in-depth module analysis, the dissimilarity of module-
characteristic genes was determined. Subsequently, a cutoff
line for the module dendrogram was chosen, and modules
with a distance less than 0.25 were merged. Eventually, 16
co-expression modules were acquired. Grey modules were
regarded as gene sets that could not be allocated to any par-
ticular module.

Construction and analysis of protein-protein
interaction (PPI) network

The STRING database (https://string-db.org/) was used to
construct a protein—protein interaction (PPI) network. The
list of differential genes was input into the STRING database
to identify core genes with a confidence level greater than
0.4. Cytoscape software was utilized to visualize the PPI
network generated by the STRING database. After import-
ing the PPI network into Cytoscape software, the module
with the highest correlation was located using MCODE.
Subsequently, two algorithms, Maximal Clique Centrality
(MCC) and Maximum Neighborhood Component (MNC),
were employed to calculate the ten genes with the strongest
correlations and determine their intersection. Finally, the
core gene list was obtained, providing valuable information
for further investigation (Fig. 1B).

Functional enrichment analysis

Gene Ontology (GO) analysis and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analysis were performed to
assess gene functions and biological pathways. The differ-
ences in the gene list were input into the KEGG rest API
(https://www.kegg.jp/kegg/rest/keggapi.html) to retrieve
the latest KEGG Pathway gene annotations, which served
as the background for mapping the genes to the collection.
The R package clusterProfiler (version 3.14.3) was utilized
for enrichment analysis to obtain the gene set enrichment
results. In addition, the GO annotations of genes in the R
package org.Hs.eg.db (version 3.1.0) were also used as the
background. The genes were mapped to the background set
with a minimum gene set of 5 and a maximum gene set of
5000. A P-value less than 0.05 and a false discovery rate
(FDR) less than 0.25 were regarded as statistically signifi-
cant measures.

Furthermore, the Metascape database (http://metascape.
org/gp/index.html) was employed to conduct functional

analysis of the gene enrichment differences and export the
list.

Gene set enrichment analysis (GSEA)

Gene set enrichment analysis (GSEA) was carried out to
conduct GO and KEGG analyses on the whole genome.
Whole-blood samples were categorized based on pre-exer-
cise and post-exercise conditions, and then whole-genome
GO and KEGG analyses were executed using the GSEA
technique.

Heat map of gene expression

The R package “heatmap” was used to generate heat maps
depicting the expression levels of the core genes identified
by the MCC and MNC algorithms within the PPI networks
of GSE50161, GSE104291, and GSE122498. These heat
maps were utilized to visually represent the expression dif-
ferences of the core genes between glioma tumor and non-
tumor samples.

Other analyses

1. CTD Analysis: The Comparative Toxicogenomics Data-
base (CTD) was used. The core genes were input into the
CTD website, and the diseases most closely associated
with the 10 core genes were identified and presented in
the form of radar charts.

2. miRNA Analysis: The online database TargetScan
(www.targetscan.org) was employed to screen for micro-
RNAs (miRNAs) that regulate the key differentially
expressed genes (DEGs).

3. Establishment of mouse animal model: C57BL/6 mice
at 8+ 1 weeks of age were weighed and the weights
were recorded. Subsequently, they were numbered and
randomly assigned to groups using the random num-
ber table method. The mice were divided into 4 groups,
with 6 mice in each group: Group A (control), Group
B (GBM), Group C (GBM/CENPF overexpression),
and Group D (GBM/CENPF knockout). To establish
the orthotopic xenograft model of glioma, tumor cell
suspension was inoculated into the mice. On a super-
clean bench, the mice were anesthetized by intraperito-
neal injection of 1% barbital (0.01 ml/g), and a cotton
ball soaked with a small amount of ether was placed in
front of their noses for additional anesthesia. After rou-
tine disinfection, the injection site was determined, and
6 ul of the tumor cell suspension was slowly aspirated
vertically into the brain parenchyma of the mice using
a 50-pl microsyringe. After gentle injection, the needle
was held in place for 5 min. Then, the needle was slowly
withdrawn, sterilized, and the mice were placed in a spe-
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Fig.1 A Functional enrichment analysis of DEGs. A total of 501 DEGs were identified. B Maximal Clique Centrality (MCC) and Maximum
Neighborhood Component (MNC) algorithms to calculate the top ten most—correlated genes and find their intersection

cific pathogen-free environment. The growth status of
the mice was observed and recorded daily.

Immunofluorescence: The tissue sections were placed
in a repair box filled with EDTA antigen-repair buffer
(pH 9.0) for antigen repair in a microwave oven. Then,
0.5% triton x-100 was used to permeate the cell mem-
brane at room temperature for 20 min. Thereafter, BSA
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was added to rinse the tissue for 1 h. These slices were
then incubated overnight at 4 °C with anti-CENPF
(1:500, Abcam) as the primary antibody. The slices
were then washed 3 times in PBS and incubated with
Alexa Fluor 488 anti-mouse IgG (1:1000, Invitrogen)
for 1 h at room temperature. After washing with PBS
again, the slices were incubated with DAPI fluoro-
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mount-G (Southernbiotech, USA) followed by the anti-
fluorescence quenching agent. Fluorescent microscopy
(OLYMPUS-BX51) and the Magna Fire SP system were
used to examine and analyze the microphotographs.

5. Western Blot: Total protein was extracted from the
tissue. Once the concentration was determined by the
UV method, 1/4 of the volume of each protein sample
was mixed with 5 X protein loading buffer (reduced).
The mixtures were then boiled at 100 °C for 10 min,
cooled, packaged, and stored frozen at— 80 °C until fur-
ther use. The protein samples were subjected to 12%
SDS—PAGE gel electrophoresis followed by membrane
transfer and other procedures. The membranes were
blocked with 5% skim milk at room temperature for 1 h.
Subsequently, the primary antibody was added and the
samples were incubated overnight at 4 °C. After three
washes with TBST (5 min each), the rabbit secondary
antibody was added. After incubation for 1 h at room
temperature, the samples were washed three more times
with TBST (5 min each). Finally, the results were ana-
lyzed after developing the chemiluminescence solution.

Results
Functional enrichment analysis of DEGs

In the present study, a comprehensive analysis led to the
identification of 501 DEGs. These DEGs were pinpointed
through the debatching merge matrix of GSE50161,
GSE104291, and GSE122498 (Fig. 1A). Subsequently,
Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) analyses were conducted on these
identified genes. The GO analysis outcomes revealed that
they were predominantly enriched in several key biologi-
cal processes and cellular components, such as ho protein
signal transduction, coated membrane, AP-type membrane
coat adaptor complex, and chloride channel activity. Mean-
while, the KEGG analysis demonstrated that the target genes
were chiefly concentrated in pathways related to nicotine
addiction, arginine and proline metabolism, beta-Alanine
metabolism, and histidine metabolism (Fig. 2).

WGCNA analysis

In the realm of WGCNA, the determination of the soft
threshold power represents a linchpin step. This parameter
wields substantial influence over the robustness and inter-
pretability of the ensuing gene co-expression network. To
ascertain the optimal soft threshold power, network topol-
ogy analysis was used to ascertain the optimal soft threshold
power. After painstaking calculations and iterative model
refinements, a soft threshold power of 9 was determined for

this particular WGCNA analysis. Significantly, this value
corresponds to the minimal power requisite for achieving a
scale-free topological fit index of 0.9, as vividly depicted in
(Figs. 3A, B). This strategic choice laid the groundwork for a
more reliable and biologically relevant network construction.

Once the soft threshold power was determined, the
research proceeded to the next step. All available genes were
used as building blocks to meticulously construct a hierar-
chical clustering tree. This dendrogram served as a blue-
print, carving out eight prominent and functionally distinct
modules (Fig. 3C). These modules, akin to interconnected
hubs within the gene network, were then subjected to an
in-depth exploration of their mutual interactions (Fig. 3D).
Unraveling these relationships was crucial in deciphering the
underlying genetic regulatory mechanisms.

As documented in the seminal work "™MERGEFORMAT (T3¢
et al. 2018), state-of-the-art statistical techniques were
employed to compute the expression correlation between
module feature vectors and genes, yielding the Module
Membership (MM) metric. By applying a stringent cutoff
of (IMMI>0.8), 1909 genes with pronounced connectivity
within the clinically relevant modules were identified. These
genes, acting as the veritable powerhouses of the network,
were aptly designated as hub genes. Their identification not
only sheds light on the core regulatory circuitry but also
paves the way for future investigations into disease patho-
genesis and potential therapeutic interventions.

Construction and analysis of protein—protein
interaction (PPI) network

To gain deeper insights into the functional relationships
among differentially expressed genes (DEGs), a pro-
tein—protein interaction (PPI) network was constructed. A
comprehensive PPI network specific to the DEGs under
investigation was assembled by utilizing the STRING online
database. Subsequently, this network was imported into
Cytoscape software for in-depth analysis (Fig. 4A). Two dis-
tinct and advanced algorithms were employed in the pursuit
of identifying key regulatory elements. These algorithms
meticulously sifted through the network’s complex archi-
tecture, ultimately pinpointing the hub genes (Fig. 4B, C).
Through this rigorous process, a set of 10 core genes, which
are likely to play central roles in the biological processes
under study, were successfully identified.

Metascape enrichment analysis

Metascape, a powerful bioinformatics tool, was harnessed to
perform enrichment analysis. The outcomes of this analysis,
which encompassed both the pathways and biological pro-
cesses implicated, are visually presented in Figs. 5 and 6.
These figures offer a detailed snapshot of the complex web
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Fig.2 The differentially expressed genes were analyzed by GO and KEGG. The differentially expressed genes were analyzed by GO and KEGG

of molecular events and cellular functions that the DEGs
are involved in, providing crucial clues for further research.

Core gene expression analysis

For the Gene Set Enrichment Analysis (GSEA), the GSEA
software (version 3.0) was sourced directly from its official
website (DOI: 10.1073 / pnas. 0506580102, http://software.
broadinstitute.org/gsea/index.jsp). In this study, samples
were meticulously partitioned into two distinct groups, with
one group comprising glioma tumor samples and the other
consisting of non-tumor samples. To conduct a comprehen-
sive analysis, The c2.cp.kegg.v7.4.symbols.gmt file was fur-
ther procured from the Molecular Signatures Database (DOL:
10.1093 / bioinformatics/btr260, http://www.gsea-msigdb.
org/gsea/downloads.jsp).
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This setup enabled us to evaluate the relevant path-
ways and molecular mechanisms underlying the studied
phenomenon. Specifically, based on the gene expression
profiling and the predefined phenotype grouping, we estab-
lished a series of stringent criteria for statistical signifi-
cance. A minimum gene set size of 5, a maximum gene
set size of 5000, along with 1000 rounds of resampling
were implemented. Additionally, only those results with
a P value less than 0.05 and a false discovery rate (FDR)
lower than 0.25 were considered to carry meaningful bio-
logical implications (Fig. 7). Through this rigorous Gene
Set Enrichment Analysis (GSEA) process, the aim was to
unravel the hidden regulatory patterns and gain a more
profound understanding of the gene functions within the
context of glioma and its associated biological processes.
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Heat map of gene expression

To understand glioma’s molecular differences, the core
gene expression was studied. The transcriptional profiles
of glioma tumor and non—tumor samples were compared
to identify genes with significant expression differences.
This helps explain glioma development and find biomark-
ers or targets.
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Expression data was analyzed using advanced tech-
niques and tools. Figure 8 shows clear differences in some
core genes. These genes may be key in cell processes
like proliferation, apoptosis, and angiogenesis, linked
to glioma. Studying their differential expression could
clarify glioma biology and lead to better diagnostics and
treatments.



Journal of Cancer Research and Clinical Oncology (2025) 151:96 Page 9 of 19

96

A G0:0099537: trans-synaptic signaling

R-HSA-112316: Neuronal System

GO0:0050804: modulation of chemical synaptic transmission
G0:0099003: vesicle-mediated transport in synapse
hsa04080: Neuroactive ligand-receptor interaction
GO0:1903047: mitotic cell cycle process

G0:0098660: inorganic ion transmembrane transport
GO0:0034330: cell junction organization

GO0:0050803: regulation of synapse structure or activity
G0:0043269: regulation of ion transport

GO0:0050433: regulation of catecholamine secretion
GO0:0007420: brain development

G0:0035418: protein localization to synapse
GO0:0044057: regulation of system process

G0:0051383: kinetochore organization

R-HSA-6794362: Protein-protein interactions at synapses
GO0:0031644: regulation of nervous system process
R-HSA-8986944: Transcriptional Regulation by MECP2
R-HSA-5682910: LGI-ADAM interactions

hsa04020: Calcium signaling pathway

0 5 10 15 20 25 30 35 40
-log10(P)

trans-synaptic signaling
Neuronal system
modulation of chemical synaptic transmission
vesicle-mediated transport in synapse
Neuroactive ligand-receptor interaction
mitotic cell cycle process
inorganic ion transmembrane transport
cell junction organization
regulation of synapse structure or activity
regulation of ion transport
regulation of catecholamine secretion
brain development
protein localization to synapse
regulation of system process
kinetochore organization
Protein-protein interactions at synapses
regulation of nervous system process
Transcriptional Regulation by MECP2
P LcI-ADAM interactions

Calcium signaling pathway

P

1072
107
10+
10
1 0-1 0
1020

Fig.5 Pathways and processes for Metascape enrichment analysis

@ Springer



96 Page100f19 Journal of Cancer Research and Clinical Oncology (2025) 151:96

MCODE1
MCODE2
MCODE3
MCODE4
MCODES
MCODES
MCODE7
MCODES
- MCODE9
@ \VenVaava MCODE10

. MCODE11
MCODE12
MCODE13

MCODE
MCODE?2
MCODES3
MCODEA4
MCODES
MCODES®
MCODE?
MCODES
MCODE
MCODE10
MCODE11
MCODE12
l MCODE13

\,x\\-\\\

Fig.6 Results of the Metascape enrichment analysis

@ Springer



Journal of Cancer Research and Clinical Oncology (2025) 151:96

Page 110f 19 96

A

0.04

Enrichment score
s ¢
- ~
1 1

—-0.6

Ranked list metric
o

T T T
0 5,000 10,000 15,000
Rank in Ordered DataSet

Enrichment score
!
=3
9
1

|_ENZYME_ACTIVATOR ACTIVITY(ES=-0.2575 NP=0.2090) [||

|
|

)
!

2
o
E
z
B O :
£
-3

1
1

| 0
T T T T T
0 5,000 10,000 15,000
Rank in Ordered DataSet
06

°
§ 04
£ 024
£ 004~
2
£-02

—044

COYCLE(ES=0.6974,NP=0.0020
NEUROACI'IVE LIGAND_RECEPTOR INTERACTION(ES=0.5006.NP=0.0022)
|- NELRC g
MET 0.4572Np=0012n0[ [T TT]II
;!,Em S=0. 92,NP-00774)
HISTIDINE METABOLISM(ES—O 2798NP=05664) ||| | | | M 1N
1

=3 24

£

g

g 1

B O :

-

B

&2 _

] 0
T

B cell projection

T T
10,000 15,000

Rank in Ordered DataSet

Fig.7 GSEA analysis

neuron part -

synapse -

synapse part -

neuron projection -

postsynapse -

membrane coat -

coated membrane

AP-type membrane coat adaptor complex -

clathrin adaptor complex

® -log10(pvalue)
16

° 18

22

0.00

T T T
0.05 0.10 0.15 0.20
GeneRatio

molecular function regulator -
enzyme regulator activity
enzyme activator activity -
phospholipid binding
substrate-specific channel activity

GTPase regulator activity -

nucleoside-triphosphatase regulator |
activity

GTPase activator activity

chloride channel activity

calcium-dependent phospholipid |
binding

-log10(pvalue)
12

0.00

T T T
0.05 0.10 0.15 0.2
GeneRatio

N ive ligand interaction

Serotonergic synapse -

Cell cycle 4

GABAergic synapse —

Morphine addiction -

Synaptic vesicle cycle

Nicotine addiction -

beta-Alanine metabolism —
Arginine and proline metabolism

Histidine metabolism

° -log10(pvalue)
6
7
8

T T T T
0.04 0.06 0.08 0.10
GeneRatio

@ Springer



96 Page120f19 Journal of Cancer Research and Clinical Oncology (2025) 151:96

A

COL9A1

C PC_3 D PC_4

LINC00592
LOC100287387
PRSS16
CYP26A1
LINC00460
TWIST2
DKK2
DRD1
CRHBP
RHEBL1
DNAH14
LHX6
CAMK1G
DLX2
LINC01279
CHI3L2
NTRK2
FIBIN

HEPACAM
TMEM255A
ADCYAP1R1

LINC00844

=2
KIF20A

TTK
CDC20
KIF2C
SLC17A7
SLC12A5
SYN1
GABRG2

GAD2

GABRA1
KCNA1

CAMK2A

GRM5

[2]0lnlnlnlnlnlnlnlnlnlolnlnlnlnlnlnlelnlnlnlolnlnlnlnlnlnlnlnlnlnl0lnlnlolnlnlnlnlnlnlnlnlnlnlnlnlolnlnlnlnlolnlnlnlnlnlnlnlnlnlnlolnl0ln]
e A A AR AR
ittt ittt ittt ittt ittt ittt it ittt ittt ittt ittt st s s s+
NN R R e e LR R TS 3
D N N I N Ny Y g N N N Y Y Y YT Y3
B S S e s as Shasbs BEBb o B0 080 8000800008 800000 DOLLODEE
B $3 33 33 R A A SRS A R R R 1 13 3 S 3 3

Fig. 8 Heat map of gene expression. Differential expression of core genes between glioma tumor and non-tumor samples

@ Springer



Journal of Cancer Research and Clinical Oncology (2025) 151:96

Page130f 19 96

Core gene expression analysis

Through meticulous expression analysis, 10 genes crucial
for brain glioma (CENPF, PBK, ASPM, KIF2C, KIF20A,
CDC20, TOP2A, NUSAPI, TTK, KIF23) were found to be
relatively highly expressed in tumor tissues. Statistical sig-
nificance was achieved with a P-value less than 0.05 (Fig. 9).

CTD analysis

In this study, the CTD website was utilized by inputting the
list of hub genes to probe for diseases associated with the
core genes, thereby deepening the understanding of gene-
disease associations. The 10 genes of focus (CENPF, PBK,
ASPM, KIF2C, KIF20A, CDC20, TOP2A, NUSAPI1, TTK,
KIF23) were found to have potential correlations with mul-
tiple medical conditions.

Notably, connections to carcinomas, especially hepatocel-
lular carcinoma, were identified. Dermatological implica-
tions were evident, with contact dermatitis being a prime
example. There were also links to chemically/drug-induced

liver injury and necrosis, suggesting impacts on hepatic
cell viability. Hyperplasia, a potential precursor to cancer,
was implicated, along with weight loss, potentially due to
perturbed metabolic pathways. Inflammation, a ubiquitous
factor in diseases, was involved, hinting at immune-modu-
lating capabilities of these genes. Prenatal exposure-delayed
effects underlined long-term consequences. Hepatomegaly
and neoplasms, including experimental models, were asso-
ciated, highlighting the genes’ roles in tumorigenesis and
organ pathology. Figure 10 visually captures these complex
relationships, providing a foundation for further research
into mechanisms and potential therapies (Fig. 10).

Prediction and functional annotation of miRNA
associated with hub genes

Within the framework of this research endeavor, The Tar-
getsacan platform was utilized by inputting the list of hub
genes to explore relevant microRNAs (miRNAs), aiming
to enhance the comprehension of gene expression regula-
tion (Table 1). This investigation revealed specific miRNA
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Fig. 10 Analysis of CTD. A
ASPM; B CDC20; C CENPF;
D KIF2C; E KIF20A; F KIF23;
G NUSAPI1; H PBK; I TOP2A;
JTTK

associations for key genes. For the CENPF gene, the related
miRNAs were identified as hsa-miR-302c-3p.2 and hsa-
miR-520f-3p. In the case of the KIF20A gene, its associ-
ated miRNA was hsa-miR-153-3p. The TOP2A gene was
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found to be correlated with hsa-miR-144-3p, while the TTK
gene was linked to hsa-miR-455-3p.1. Additionally, for the
KIF23 gene, the associated miRNA is hsa-miR-103a-3p.
These miRNA-gene relationships offer crucial insights
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Table 1 A summary of miRNAs that regulate hub genes

Gene Predicted MiR

CENPF hsa-miR-302¢-3p.2 hsa-miR-520f-3p
KIF20A hsa-miR-153-3p

TOP2A hsa-miR-144-3p

TTK hsa-miR-455-3p.1
KIF23 hsa-miR-103a-3p

wm AW N -

hsa-miR-107

into the intricate regulatory mechanisms governing gene
expression, potentially paving the way for future therapeu-
tic interventions.

Immunofluorescence and western blot analysis

Immunofluorescence and western blot analysis elucidated
a significant expression pattern in glioma. Notably, CENPF
exhibited a high level of expression, while p53 was down-
regulated (P <0.05). Concomitantly, both CENPF and
CDK-1 were highly expressed, which was accompanied by
a diminished expression of p53, p21, and Caspase 9. This
coordinated alteration led to the suppression of the apoptotic
pathway, consequently fueling glioma progression.

Upon overexpression of CENPF, the key components of
the p53-mediated apoptotic pathway were further repressed.
In contrast, when CENPF was underexpressed, these pivotal
elements of the apoptotic pathway were activated, triggering
apoptosis in glioma cells (Figs. 11, 12). Understanding these
molecular dynamics provides a profound basis for decipher-
ing glioma pathophysiology and paves the way for potential
therapeutic manipulations.

DAPI

Fig. 11 Immunofluorescence analysis of CENPF

Con GBM
- - -

Discussion

Glioma, representing the most prevalent primary malignant
brain tumor, stems from the malignant transformation of
glial cells within the brain and spinal cord. Tumor cells
inflict severe physical harm by disrupting adjacent brain
cells. And brain gliomas pose a formidable challenge in
terms of curability and frequently recurring (Yang et al.
2022). Thus, delving deep into the molecular underpinnings
of glioma is of paramount importance for the advancement
of targeted drug research.

The cardinal finding of this study reveals that CENPF
is highly expressed in glioma. This overexpression likely
impedes cell apoptosis via the p53 signaling pathway,
thereby facilitating the initiation and progression of glioma.
Comprehending this molecular cascade not only enriches the
understanding of glioma pathophysiology but also holds the
potential to herald novel therapeutic strategies.

CENPF, also known as centromeric protein F, encodes a
protein that plays a pivotal role in mitosis. It is indispensa-
ble for kinetochore functionality and accurate chromosome
segregation, serving as a crucial nexus between recycling
vesicles and microtubule networks to modulate plasma
membrane recycling (Li et al. 2021 Functioning as a key
regulator of chromosome partitioning, CENPF expression is
intimately intertwined with the cell cycle. It exhibits a pro-
gressive accumulation throughout the cell cycle and under-
goes degradation upon mitotic completion.

Deficiency of CENPF triggers a cascade of mitotic
aberrations, ranging from spindle assembly failures and
abnormal chromosomal alignment and segregation, to
potentially culminating in cell death (Li et al. 2022).
Moreover, CENPF is likely implicated in the regulatory

GBM/CENPF-OE GBM/CENPF-KO
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Fig. 12 Western blot analysis. CENPF, CDK-1, p53, p21, Caspase9. P <0.05

dynamics of the Spindle Assembly Checkpoint (SAC), fur-
ther highlighting its significance in maintaining genomic
stability and the fidelity of cell division processes.
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Centromere protein F (CENPF), a microtubule-binding
protein, has been demonstrated to modulate cancer metabo-
lism by governing the pyruvate kinase M2 phosphorylation
signaling pathway (Shahid et al. 2018).

Furthermore, the study by Hongjin Chen et al. (Huang
et al. 2021) unveiled that centromeric protein F, emerging as
a novel genomic research-derived therapeutic target, plays a
crucial part in the pathogenesis of pancreatic cancer. CENPF
partakes in the regulation of DNA synthesis, thereby orches-
trating cell cycle progression. Additionally, it functions as a
cardinal regulator of cancer metabolism, potentially via its
influence on mitochondrial function. Notably, its overexpres-
sion has been correlated with the onset of numerous human
malignancies (Chen et al. 2024). Given these precedents,
it is rationally postulated that CENPF occupies a central
position in glioma progression, warranting further in-depth
investigation to decipher its underlying mechanisms and
explore potential therapeutic interventions.

p53, a quintessential tumor suppressor gene, encodes a
transcriptional factor that exerts a pivotal role in governing
the initiation of the cell cycle (Zhou et al. 2022). In the nor-
mal physiological state, akin to other tumor suppressors, the
p53 gene functions as a sentinel, moderating and surveilling
cell division processes. The p53 protein exhibits a charac-
teristic distribution pattern, predominantly residing in both
the nucleus and cytoplasm, endowing it with the capacity
to specifically interact with DNA. Its functional activity is
subject to intricate regulation via an array of post-transla-
tional modifications, including phosphorylation, acetyla-
tion, methylation, and ubiquitination (Zhang et al. 2020).
The intracellular p53 gene, a key player in cancer inhibition,
serves as a barometer for gauging the extent of DNA muta-
tion. In scenarios where the mutation is relatively minor, p53
intervenes to impede DNA replication and triggers cellular
self-repair mechanisms. Conversely, when confronted with
extensive DNA mutations and failed repair attempts, p53
orchestrates apoptosis. Moreover, the p53 protein manifests
its presence not only in the aforementioned compartments
but also in mitochondria and the nucleolus, among other
cellular structures, and engages in dynamic interactions with
the cytoskeleton (Tu et al. 2020). Understanding these com-
plex and nuanced functions of p53 provides a profound foun-
dation for deciphering cancer biology and devising potential
therapeutic strategies.

CENPF (Centromeric Protein F) is inextricably inter-
twined with the progression of glioma (Xu et al. 2023). The
underlying mechanisms by which CENPF exerts its influ-
ence are multifaceted and principally encompass several
key aspects: dysregulated cell-cycle control, chromosomal
instability, the inhibition of cell apoptosis, modulation of the
tumor microenvironment, and intricate crosstalk with rel-
evant genes and signaling cascades (Lokody 2014). Notably,
a complex regulatory relationship prevails between CENPF

and p53, which is expounded in the following detailed
analysis:

Cell-cycle regulation

CENPF, a protein intrinsically associated with the cen-
tromere - kinetochore complex, assumes a pivotal role in
ensuring the precise segregation of chromosomes during
the mitotic process. Its expression profile demonstrates a
conspicuous peak during the G2/M phase of the cell cycle
(Huang et al. 2022). On the other hand, p53, a critically
important tumor-suppressor gene, is activated in response
to diverse cellular stressors, such as DNA damage or other
abnormal cellular states. Once activated, p53 orchestrates a
series of regulatory events by modulating the expression of
an array of cell-cycle-related proteins (Barnes et al. 2019).
This ultimately leads to the arrest of the cell cycle at the G1,
S, or G2/M phase, effectively halting the abnormal prolifera-
tion of cells (Sun et al. 2023).

Under certain pathophysiological conditions, the aberrant
expression of CENPF can precipitate chromosomal segre-
gation irregularities. These anomalies trigger the activation
of intracellular stress-sensing mechanisms, which in turn
initiate a cascade of events culminating in the activation of
the p53 signaling pathway. Once engaged, the p53-mediated
signaling cascade may act in a negative-feedback loop to
suppress either the expression or the functional activity of
CENPF. This negative regulation serves as a compensa-
tory mechanism aimed at rectifying the disrupted cell-cycle
dynamics. For instance, in the context of adrenocortical car-
cinoma, gene-set enrichment analysis (GSEA) has unequivo-
cally demonstrated that CENPF is prominently involved in
the G2/M-phase-mediated cell-cycle progression and the
p53 signaling network. In vitro experimental evidence has
further revealed that the interaction between CENPF and
CDK1 significantly enhances the G2/M-phase transition
during mitosis (Huang et al. 2022), promotes robust cell
proliferation, and concurrently has the potential to evoke
pS53-mediated anti-tumor responses.

Tumorigenesis and tumor progression

CENPF has been consistently observed to exhibit elevated
expression levels across a wide spectrum of tumors, includ-
ing hepatocellular carcinoma (Li et al. 2021) and prostate
cancer (Lin et al. 2016). This upregulated expression endows
CENPF with the capacity to potently promote tumor-cell
proliferation, migration, and invasion, thereby fueling the
malignant progression of tumors.

In contrast, pS3, in its normal, functional state, serves as
a formidable guardian against tumorigenesis. It exerts its
tumor-suppressive effects through a repertoire of well-char-
acterized mechanisms, such as the induction of apoptosis
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and the enforcement of cell-cycle arrest (Kastenhuber and
Lowe 2017). However, when the p53 gene succumbs to
mutation or deletion, a critical event occurs: the loss of its
normal tumor-suppressive function (Aubrey et al. 2018).
This loss of function effectively removes the inhibitory con-
straint on CENPF, allowing CENPF to act in an unregulated
manner. As a consequence, CENPF can then drive the malig-
nant biological behaviors of tumor cells, further promoting
tumor progression.

Conversely, a functionally intact p53 can, through a com-
plex network of molecular interactions, suppress the expres-
sion or activity of CENPF. This suppression represents a key
regulatory mechanism that restricts tumor-cell proliferation
and invasion, thereby curbing the overall progression of
tumors (Liu et al. 2024). For example, in prostate cancer,
a significant correlation has been established between the
expression of CENPF and the degree of tumor progression,
as well as poor prognosis (Lin et al. 2016). Similarly, muta-
tions in the p53 gene have been firmly associated with the
prognosis of multiple malignancies, including breast cancer
(Marvalim et al. 2023). Mutated p53 not only contributes to
the advancement of tumors but also confers chemoresist-
ance, further highlighting the intricate and reciprocal rela-
tionship between CENPF and p53 in the complex landscape
of tumor development.

Identifying CENPF as a prognostic marker for glioma
could aid in risk stratification. High CENPF expression
might indicate a poorer prognosis, guiding more aggres-
sive treatment strategies (Li et al. 2022; Xu et al. 2023).
Additionally, targeting the CENPF-p53 axis could be a novel
therapeutic approach, potentially leading to the development
of drugs that modulate this pathway to inhibit glioma growth
(Song et al. 2024). Despite the implementation of a rigorous
bioinformatics analysis framework within this study, cer-
tain limitations remain conspicuous. Notably, patient trials,
which are pivotal for corroborating the functional implica-
tions unearthed, were regrettably absent. Absence of such
empirical validation restricts the translational potential of
the current findings. Future studies should focus on conduct-
ing patient trials to confirm the role of CENPF in glioma
prognosis and treatment. Investigations into developing
drugs that target the CENPF-p53 pathway are also needed.
This could involve screening small molecules or biologics
to modulate CENPF expression or its interaction with the
p53 pathway, aiming to translate these findings into effective
clinical treatments.

Conclusion
In conclusion, CENPF demonstrates potential as a prognos-

tic marker for glioma. Elevated expression levels of CENPF
in glioma may inhibit cell apoptosis via the p53 signaling
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pathway, thereby contributing to the onset and progression
of the disease.
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