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A B S T R A C T

Oral Squamous Cell Carcinoma (OSCC) is one of the most occurred cancer types with yearly 377,713 cases and 
177,000 deaths. Traditional risk factors of OSCC include smoking, alcohol consumption, excessive sun exposure, 
family history of cancer, and human papillomavirus (HPV). Last few years, the prevalence of OSCC is growing big 
in numbers particularly among younger people for their lifestyle. From the Gene Expression Omnibus, 2 gene- 
expression profiles (GSE23558 and GSE146483) were identified based on some conditions. The GEO2R tool 
was used to analyze those datasets to extract all the genes. Statistical cut-off criteria were applied to find out 
DEGs from both datasets, and after that common DEGs were identified by comparing both datasets. Common 
DEGs were used to perform bioinformatics analysis such as gene ontology and pathway analysis, protein–protein 
interaction (PPI) network construction, and generating Transcription factor − miRNA network. 265 common 
DEGs were identified from the datasets including 69 up-regulated and 196 down-regulated DEGs. Using the 
STRING database and a strong combine score > 0.70, a PPI network is generated including 92 nodes and 226 
interactions. Using 3 different hub DEGs seeking algorithm, we identified 9 top hub DEGs. The hub genes are 
Kinesin Family Member 23 (KIF23), Aurora Kinase A (AURKA), Centromere Protein F (CENPF), Cell Division 
Cycle 20 (CDC20), Discs Large Associated Protein 5 (DLGAP5), Centrosomal Protein 55 (CEP55), Anillin Actin 
Binding Protein (ANLN), Non-SMC Condensin I Complex Subunit G (NCAPG), and Kinesin Family Member 14 
(KIF14). 3 significant clusters also identified from the PPI network. Previous study shows KIF23 takes part in 
raising Cell Proliferation in Hepatocellular carcinoma cells and AURKA shows notable overexpression in cancer 
tissues, which indicates that KIF23 and AURKA showed promising character to become possible biomarkers for 
OSCC. Further analysis needed to justify the statement.

1. Introduction

Oral carcinoma is mostly designated as oral squamous cell carcinoma 
(OSCC) and ensues as an ulceroproliferative sore of the oral mucosa 

affecting any part starting from the lips, tongue, cheeks, floor of the 
mouth, hard and soft palate, sinuses, and pharynx.1 According to the 
GLOBOCAN 2020 report, 377,713 OSCC cases were diagnosed and more 
than 177,000 deaths occurred. OSCC mostly occurred in men, almost 
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70% of the total cases diagnosed patients were male.2 Traditional risk 
factors of OSCC include smoking, alcohol consumption, excessive sun 
exposure, family history of cancer, and human papillomavirus (HPV). In 
recent years the prevalence of OSCC is growing big in numbers partic
ularly among younger people for their lifestyle. Despite noticeable im
provements in cancer treatment and surgical methods, the 5-year 
survival rate for patients with OSCC did not show any prosperity in the 
past two decades.3 The overall five-year rate of survival for OSCC is 
somewhere between 50 and 60%, ordinarily; such an impoverished 
prognosis for OSCC is commonly reported by narration at a late stage of 
the illness.4

Bioinformatics is a field where biology adopts computer science and 
introduced an emerging technology. Bioinformatics opens plenty of 
opportunities for researchers, it allows researchers to manage big data in 
an efficient manner, and now it is easier than ever to access and add new 
data as they are produced; using bioinformatics techniques lots of tools 
and resources created to fast the process of data analysis. Various types 
of biological data can be ingressed using bioinformatics such as 
expression and sequencing results on a large-scale allowing examination 
on a whole-genome and whole-exome level in this manner.5–7

For the past few years, microarray technology-based high- 
throughput platforms evolved as reliable and also proficient tools in 
search of significant genes and epigenetic modifications in carcinogen
esis. Currently, microarray technology is largely used to identification of 
biomarkers for disease diagnosis and prognosis. Gene expression 
microarrays and gene chips are wide-ranging and proficient observation 
techniques, which are generally applied to observe genome-wide 
expression levels of genes in a specific organism or cells, and espe
cially competent for screening differentially expressed genes (DEGs) 
between two or more samples. Many studies used gene-expression- 
profile microarrays to explore DEGs of any disease or cancer. In 2020, 
Zhu et al. studied two different gene-expression-profile (GSE10121 and 
GSE85195) and got ATG12, BID, NKX2-3 and SPHK1 were differentially 
expressed among normal tissues and oral cancer tissues. By applying 
advanced and integrated bioinformatics methods for publicly accessible 
microarray profiles, more accurate and reliable outcomes may be 
explored through similar gene-expression profiles, especially in cancer 
research. Recently, Du et al. identified ANPEP, APOB, GLP1R, and SI as 
potential biomarkers of oral squamous cell carcinoma (OSCC) using 
whole transcriptome sequencing and multi-algorithm bioinformatics, 
providing novel insights into disease mechanisms and therapeutic stra
tegies.8 In addition, cuproptosis-related lncRNAs (CRLs) have emerged 
as important regulators of OSCC prognosis and treatment; eight CRLs 
were recently identified to construct a predictive model for clinical 
outcomes, immune response, and drug sensitivity, offering new per
spectives on immune escape and tumor drug resistance.9 Furthermore, 
recent work highlighted the significance of pyroptosis-related genes 
(CTLA4, CD5, and IL12RB2) in OSCC prognosis, establishing a robust 
model that links pyroptosis activity with immune infiltration and patient 
survival outcomes, thereby opening new avenues for targeted 
therapies.10

In the current study, we collect two gene-expression microarray 
datasets (GSE23558 and GSE146483) from the freely accessible re
pository gene expression omnibus. These two datasets contained a total 
of 43 samples (35 OSCC samples, and 8 normal samples). The DEGs were 
extracted from the samples and screened. Gene Ontology (GO) and 
pathway enrichment analysis were accomplished using a prominent and 
reputed online tool. Using the DEGs protein–protein interaction (PPI) 
network was generated, and the hub candidate DEGs were identified 
using several methods. A Transcription factor and microRNA combined 
network were also generated to know more biological function details of 
identified DEGs. Combining multiple datasets and finding hub genes 
from encompassing several methods and exploring Transcription factor 
and microRNA combined network in a single study is very rare in OSCC 
related bioinformatics analysis. We carefully done all the responsible 
analysis and extract all the results followed by standard conditions. The 

outcomes of this study may work as potential biomarkers for early 
detection or as auspicious targets for the treatment of OSCC.

2. Materials and methods

2.1. The study workflow

The biological characteristics of DEGs related to OSCC are revealed 
in this study by an extensive bioinformatics approach. All the applied 
workflow of this study is displayed in Fig. 1.

2.2. Gene expression profile dataset collection

The publicly available and well-founded repository the Gene 
Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) was 
accounted for to collect datasets.11 We searched the GEO repository 
employing the following keywords: study keyword “Oral Squamous Cell 
Carcinoma (OSCC)”, organism “Homo Sapiens”, study type “Expression 
profiling by array”, and a minimum 10 sample size. After a systematic 
assessment, two gene expression profiles GSE23558 and GSE146483 
were elected for bioinformatics study analysis. The GSE23558 dataset 
contained a total of 32 samples including 5 normal samples and 27 OSCC 
samples,12 the dataset was based on the GPL6480 platform (Agilent- 
014850 Whole Human Genome Microarray 4x44K G4112F). On the 
other hand, the GSE146483 dataset holds a total of 11 samples including 
3 normal samples and 8 OSCC samples,13 the dataset used the GPL17077 
platform (Agilent-039494 SurePrint G3 Human GE v2 8x60K Microarray 
039381). In Table 1, the insights of the samples from the identified 
datasets are shown.

2.3. Dataset preprocessing and differentially expressed gene screening

The DEGs associated with the samples of GSE23558 and GSE146483 
were obtained by using GEO2R. GEO2R is a web tool that uses R pro
gramming and the limma package to analyze gene expression profiles. 
To obtain DEGs we used cut-off criteria for adjusted |log Fold Change 
(FC)| > 2 and p-value < 0.05. A web tool InteractiVenn (https://www. 
interactivenn.net/) was employed to show common DEGs between the 
two datasets.14

2.4. Enrichment analysis of DEGs

To uncover the functional insights of identified DEGs, the Gene 
Ontology (GO) functional outcomes of the biological process (BP), 
cellular component (CC), and molecular function (MF) were explored by 
the online annotation tool Database for Annotation, Visualization and 
Integrated Discovery (DAVID) (https://david.ncifcrf.gov/).15 DAVID 
tool also used to complete pathway analysis. Reactome Pathway Data
base was employed to identify the key pathways.16 Threshold criteria p- 
value < 0.05 was set for GO and Pathway terms.

2.5. Protein-protein network construction and hub gene selection

The STRING database (https://string-db.org/) was used to explore 
internal interactions between all the common DEGs.17 A strong combine 
score > 0.70 is used to maintain rigorous analysis. Cytoscape (v3.9.1) 
software an open-source tool to visualize and analyze biological net
works were employed to generate the protein–protein interaction (PPI) 
networks.18 To analyze essential topological parameters of the PPI 
network we use the CytoHubba plugin (a custom package of Cytoscape 
software).19 CytoHubba can perform 11 different kinds of topological 
analysis to identify hub genes from a network. In this study, we have 
identified hub genes based on three different topological characteristics, 
according to top 10 Node degree value, top 10 Maximal Clique Cen
trality (MCC) value and top 10 Maximum Neighborhood Component 
(MNC) value. To spot clusters from PPI networks, we applied the 
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Molecular Complex Detection (MCODE) algorithm.20 We applied the 
default parameters of the MCODE plugin to identify clusters, the pa
rameters were degree cutoff = 2, node score cutoff = 0:2, k − core = 2, 
and maximum depth = 100. After exploring a few clusters, a functional 
pathway analysis was performed by using the REACTOME database.

2.6. TF-miRNA network analysis

We generate a Transcription factor (TF) and microRNA (miRNA) 
combined network named TF-miRNA network using common DEGs. The 
RegNetwork database was used to generate the TF-miRNA network.21

Minimum connectivity >= 2 was followed for the network creation. 
Cytoscape software was used to display the network.

3. Result and analysis

3.1. Differentially expressed gene screening

The gene expression profiles GSE23558 and GSE146483 were 
selected from the GEO repository and an amount of 35 OSCC samples 
were compromised. In Table 1 basic information about both datasets is 
displayed. The datasets were analyzed by the GEO2R tool. Maintaining 
the predestine cut-off criteria, 1453 DEGs were marked out from the 
GSE23558 dataset involving 1120 up-regulated DEGs and 333 down- 
regulated DEGs. And from the GSE146483 dataset, we got 1870 DEGs 
marked out involving 1120 up-regulated DEGs and 720 down-regulated 

Fig. 1. Pictorial representation of the study. This study combines three different phases, all the phases are covered with step-by-step procedures.

Table 1 
Basic information of sample distribution of two gene-expression profiles.

Accession 
Number

Total 
Sample

Normal 
Sample

OSCC 
Sample

Platform

GSE23558 32 5 (15.6%) 27 (84.4%) GPL6480
GSE146483 11 3 (27.3%) 8 (72.7%) GPL17077
Total 43 8 (18.6%) 35 (81.6%) ​

Table 2 
DEGs distribution of identified profiles before and after applying cut-off criteria.

Accession Number Total DEGs Up-regulated DEGs Down-regulated DEGs

(A) Before applying the cut-off criteria
GSE23558 19,563 9514 (48.63%) 10,049 (51.37%)
GSE146483 23,267 13,670 (58.75%) 9597 (41.25%)
(B) After applying (|logFC| > 2 and adjusted P-value < 0.05)
GSE23558 1453 333 (22.92%) 1120 (77.08%)
GSE146483 1870 720(38.50%) 1150 (61.50%)
Total Common DEGs 265 69(26.04%) 196 (73.96%)
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DEGs. In Table 2 and Fig. 2 (A − B), we gave more textual and pictorial 
representations of the datasets. Considering the web tool InteractiVenn 
the common up-regulated and down-regulated DEGs were identified. A 
total of 265 DEGs were identified including 69 up-regulated and 196 
down-regulated. In Fig. 2 (C − D) using the Venn diagram the result is 
displayed.

3.2. Enrichment analysis of DEGs

Identified common DEGs were submitted to the DAVID online tool to 
perform enrichment analysis. The GO analysis was performed for up- 
regulated and down-regulated DEGs separately. We choose the top 30 
GO terms based on the least p-value. GO analysis reveals the up- 
regulated DEGs were greatly connected with anterior/posterior 
pattern specification, embryonic skeletal system morphogenesis, and 
proximal/distal pattern formation for BP; chromatin, nucleoplasm, and 
nucleus for CC; sequence-specific double-stranded DNA binding, 
microtubule binding, and RNA polymerase II transcription factor ac
tivity, sequence-specific DNA binding for MF. Table 3 and Fig. 3
demonstrate the full GO analysis result of up-regulated DEGs. Yet GO 
analysis reveals the down-regulated DEGs were greatly connected with 
keratinization, regulation of transcription from RNA polymerase II 
promoter, and xenobiotic metabolic process for BP; endoplasmic retic
ulum membrane for CC; RNA polymerase II core promoter proximal 
region sequence-specific DNA binding, aromatase activity, and steroid 
hydroxylase activity for MF. Table 4 and Fig. 4 demonstrate the full GO 
analysis result of down-regulated DEGs.

Pathway analysis was also performed separately for up-regulated 
and down-regulated DEGs and the top 10 Pathway terms were 
selected from each analysis. Pathway analysis for up-regulated DEGs 
reveals a strong connection between DEGs with Cell Cycle, Cell Cycle, 
Mitotic, and M Phase. And the strong connection between down- 
regulated DEGs with Generic Transcription Pathway, Formation of the 
cornified envelope, and Keratinization. Table 5(A-B) and Figs. 5 and 6
demonstrate the full Pathway analysis result.

3.3. Protein-protein network construction and hub gene selection

Ninety-two nodes and a total of 242 interactions were mapped in the 
constructed PPI network including 46 (50%) up-regulated and 46 (50%) 
down-regulated DEGs (Fig. 7). We used 3 different methods (1) con
nectivity value (degree), (2) Maximal Clique Centrality (MCC), and (3) 
Maximum Neighborhood Component (MNC) to identify hub DEGs. After 
comparing 10 hub DEGs of 3 different methods we got 9 common DEGs. 
The top 9 hub DEGs are KIF23, AURKA, CENPF, CDC20, DLGAP5, 
CEP55, ANLN, NCAPG and KIF14. In Fig. 8 (A-D) we show all the hub 
DEGs of each method and a Venn diagram that shows the number of 
common hub DEGs.

A cluster analysis was applied to the PPI network to explore complex 
sections of the network. We elect the top 3 clusters from 26 clusters. 
Cluster 1 includes 17 DEGs, Cluster 2 has 7 DEGs and Cluster 3 has 6 
DEGs. Moreover, we employed a Pathway analysis to evaluate more 
functional activities of the 3 clusters. Pathway analysis shows that the 
clusters are highly connected with Cell Cycle (Cluster 1), Interferon 

Fig. 2. Identification of DEGs. Volcano plots of the distribution of DEGs in GSE23558 (A) GSE146483 (B). Blue and brown dots represent the down-regulated and up- 
regulated DEGs, respectively. (C) Represents the Venn diagram of down-regulated common DEGs in both datasets. (D) Represents the Venn diagram of up-regulated 
common DEGs in both datasets. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 3 
GO analysis result of up-regulated DEGs. (A), (B), and (C) indicate the three categories of GO terms.

Term ID Term Name Count P-Value Fold Enrichment FDR

(A) BP
GO:0009952 anterior/posterior pattern specification 10 2.18E-11 31.757 1.16E-08
GO:0048704 embryonic skeletal system morphogenesis 7 6.06E-09 47.996 1.61E-06
GO:0009954 proximal/distal pattern formation 5 1.46E-06 58.017 2.18E-04
GO:0009615 response to virus 7 1.64E-06 19.025 2.18E-04
GO:0000278 mitotic cell cycle 7 1.09E-05 13.713 0.00116
GO:0051301 cell division 9 3.33E-05 7.0893 0.002952
GO:0007059 chromosome segregation 5 1.11E-04 19.848 0.007367
GO:0051607 defense response to virus 7 1.11E-04 9.0636 0.007367
GO:0007094 mitotic spindle assembly checkpoint 4 1.53E-04 37.711 0.009072
GO:0045071 negative regulation of viral genome replication 4 4.55E-04 26.234 0.024189
GO:0010389 regulation of G2/M transition of mitotic cell cycle 3 5.65E-04 82.278 0.027348
GO:0006357 regulation of transcription from RNA polymerase II promoter 15 0.00110368 2.6264 0.04893
(C) CC
GO:0000785 chromatin 18 1.54E-08 5.3769 1.96E-06
GO:0005654 nucleoplasm 32 1.29E-07 2.5543 8.22E-06
GO:0005634 nucleus 38 1.54E-06 2.0088 6.54E-05
GO:0015630 microtubule cytoskeleton 7 3.39E-05 11.24 0.001075
GO:0072686 mitotic spindle 6 7.52E-05 13.557 0.00191
GO:0000776 kinetochore 6 1.29E-04 12.089 0.002733
GO:0030496 midbody 6 2.77E-04 10.26 0.005027
GO:0005819 spindle 5 0.001171215 10.687 0.018593
GO:0005813 centrosome 8 0.001535098 4.6181 0.021662
GO:0045171 intercellular bridge 4 0.002964959 13.754 0.037655
GO:0005874 microtubule 6 0.003448848 5.8222 0.039819
(D) MF
GO:1990837 sequence-specific double-stranded DNA binding 12 1.72E-06 6.4642 2.02E-04
GO:0008017 microtubule binding 8 2.59E-05 9.0078 0.001531
GO:0000981 RNA polymerase II transcription factor activity, sequence-specific DNA binding 15 5.44E-05 3.5099 0.002139
GO:0005515 protein binding 55 2.00E-04 1.3122 0.005899
GO:0000978 RNA polymerase II core promoter proximal region sequence-specific DNA binding 13 4.87E-04 3.2259 0.011482
GO:0003677 DNA binding 13 0.001175739 2.9187 0.023123
GO:0003700 transcription factor activity, sequence-specific DNA binding 8 0.002247447 4.3095 0.037886
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Fig. 3. Gene Ontology function analysis results for up-regulated DEGs. Y-axis represents the GO-term id and X-axis indicates the associated gene number with the 
term. Bubble size connected with the |− log10(PValue)| value, high |− log10(PValue)| means bigger dot. The color of the dot represents the category of gene ontology.
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alpha/beta signaling (Cluster 2), and Xenobiotics (Cluster 3). In Table 6
(A-C) and Fig. 9 (A-D) demonstrates all the 3 clusters and their associ
ated Pathways.

3.4. TF-miRNA network analysis

A TF-miRNA network was generated including 226 nodes and 994 

Table 4 
GO analysis result of down-regulated DEGs. (A), (B), and (C) indicate the three categories of GO terms.

Term ID Term Name Count P Value Fold 
Enrichment

FDR

(A) BP
GO:0031424 keratinization 8 4.44E-06 12.01213 0.003945
GO:0006357 regulation of transcription from RNA polymerase II promoter 33 2.43E-05 2.214366 0.008436
GO:0006805 xenobiotic metabolic process 8 2.85E-05 9.067982 0.008436
GO:0006355 regulation of transcription, DNA-templated 22 9.95E-05 2.606116 0.022104
GO:0008210 estrogen metabolic process 5 1.38E-04 18.64787 0.024594
GO:0070989 oxidative demethylation 4 2.63E-04 30.83114 0.038996
GO:0006082 organic acid metabolic process 4 7.41E-04 22.02224 0.085414
GO:0042178 xenobiotic catabolic process 4 9.74E-04 20.10726 0.085414
GO:0042737 drug catabolic process 3 0.0010774 57.80838 0.085414
GO:0042738 exogenous drug catabolic process 4 0.0011061 19.26946 0.085414
GO:0008202 steroid metabolic process 5 0.0011115 10.90724 0.085414
GO:0042572 retinol metabolic process 5 0.0011925 10.70526 0.085414
GO:0042573 retinoic acid metabolic process 4 0.001249 18.49868 0.085414
GO:0002933 lipid hydroxylation 3 0.0014998 49.55004 0.09524
(B) CC
GO:0005789 endoplasmic reticulum membrane 22 2.55E-04 2.438567 0.047007
(C) MF
GO:0000978 RNA polymerase II core promoter proximal region sequence-specific DNA binding 31 2.75E-07 2.867587 7.93E-05
GO:0070330 aromatase activity 6 5.27E-06 23.10018 7.58E-04
GO:0008395 steroid hydroxylase activity 6 1.02E-05 20.30016 9.82E-04
GO:0004252 serine-type endopeptidase activity 10 5.94E-05 5.78502 0.003269
GO:0004497 monooxygenase activity 7 5.95E-05 10.28363 0.003269
GO:0016712 oxidoreductase activity, acting on paired donors, with incorporation or reduction of molecular oxygen, 

reduced flavin or flavoprotein as one donor, and incorporation of one atom of oxygen
5 7.78E-05 21.47132 0.003269

GO:0008401 retinoic acid 4-hydroxylase activity 4 7.95E-05 44.66036 0.003269
GO:0008236 serine-type peptidase activity 6 1.79E-04 11.35433 0.006442
GO:0019825 oxygen binding 5 2.86E-04 15.50707 0.009151
GO:0000981 RNA polymerase II transcription factor activity, sequence-specific DNA binding 25 4.23E-04 2.180681 0.012173
GO:0050649 testosterone 6-beta-hydroxylase activity 3 4.67E-04 83.73817 0.012235
GO:0005198 structural molecule activity 8 0.0014516 4.776509 0.034839
GO:0005506 iron ion binding 7 0.0017825 5.465428 0.038781
GO:0016705 oxidoreductase activity, acting on paired donors, with incorporation or reduction of molecular oxygen 5 0.0018852 9.46194 0.038781
GO:0101020 estrogen 16-alpha-hydroxylase activity 3 0.0021301 41.86908 0.040899
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edges. 74 miRNAs and 152 TFs were mapped in the network. The top 5 
miRNA and TF were selected based on the highest degree value. The top 
5 miRNAs are hsa-miR-19b, hsa-miR-218, hsa-miR-19a, hsa-miR-340, 
and hsa-miR-137; and the top 5 TFs are FOXP2, TRPS1, PDGFRA, MAF, 
and SATB1. In Fig. 10 (A-B) TF-miRNA network and the top 5 miRNA 
and TF are visualized.

4. Discussion

OSCC is a type of lethal tumor with remarkable characteristics of 
impetuous development, lofty metastatic retention, and soaring mor
tality. OSCC progression requires a multistep method for the procure
ment of diverse genetic violations, affected by a patient's genetic 
proneness as well as by environmental effects like smoking, consuming 
alcohol, and viral infection.21,22 Despite notable developments in 
modern therapeutics, biomarkers or targets for OSCC detection and 
therapy are currently inadequate compared to other cancers. Recently 
lots of changes happened in chemoradiation and surgery for OSCC 

treatments but the etiopathogenesis of OSCC is not perfectly convinced 
till now, and five-year survival rates for OSCC remain low.22,23

Exploring the causative and molecular mechanisms of OSCC is crucial 
seriousness for prevention and therapy. In the last few years, bioinfor
matics analysis has played very promising role in cancer research, it's 
become a very popular and common feature to identify and screen 
crucial DEGs in any tumor or cancer.

The NCBI-GEO is one of the most trusted and freely accessible re
positories for microarray profiling and next-generation sequencing. In 
the current study, two different gene-expression profile datasets 
(GSE23558 and GSE146483) were collected by maintaining a few gen
eral conditions. The GEO2R is a tool for the analysis of microarray data 
that gives a visual representation to understand the dataset more clearly 
and compare various groups of samples using efficient statistical anal
ysis. GEO2R also provides a DEGs list but without proper filtration of 
cut-off parameters. After filtering (applying the cut-off criteria) and 
comparing between two profiles a total of 265 DEGs were collected 
including 69 up-regulated and 196 down-regulated DEGs.

Table 5 
Pathway analysis result of (A) up-regulated and (B) down-regulated DEGs.

Term Term ID Count P-Value Fold Enrichment FDR

(A) Up-regulated DEGs
Cell Cycle R-HSA-1640170 19 7.66E-11 6.505435 2.53E-08
Cell Cycle, Mitotic R-HSA-69278 16 3.21E-09 6.757498 5.30E-07
M Phase R-HSA-68886 10 4.27E-05 5.668296 0.001162
Mitotic Prometaphase R-HSA-68877 9 1.56E-06 10.45301 1.03E-04
Resolution of Sister Chromatid Cohesion R-HSA-2500257 8 7.36E-07 15.04348 8.09E-05
RHO GTPases Activate Formins R-HSA-5663220 8 1.50E-06 13.53913 1.03E-04
Separation of Sister Chromatids R-HSA-2467813 8 1.17E-05 9.92397 4.85E-04
EML4 and NUDC in mitotic spindle formation R-HSA-9648025 7 7.79E-06 14.17559 4.28E-04
Interferon alpha/beta signaling R-HSA-909733 6 1.09E-05 19.74457 4.85E-04
Amplification of signal from the kinetochores R-HSA-141424 6 4.41E-05 14.80842 0.001162
(B) Down-regulated DEGs
Generic Transcription Pathway R-HSA-212436 21 0.010465 1.786554 0.286743
Formation of the cornified envelope R-HSA-6809371 12 2.90E-08 9.863348 7.96E-06
Keratinization R-HSA-6805567 12 4.37E-06 5.991754 3.99E-04
Biological oxidations R-HSA-211859 9 0.001039 4.331876 0.031639
Phase I − Functionalization of compounds R-HSA-211945 7 4.41E-04 7.056326 0.021826
Xenobiotics R-HSA-211981 6 2.84E-06 25.64471 3.89E-04
Cytochrome P450 − arranged by substrate type R-HSA-211897 6 3.53E-04 9.713904 0.021826
Biosynthesis of DHA-derived SPMs R-HSA-9018677 4 4.78E-04 25.14187 0.021826
Biosynthesis of specialized proresolving mediators (SPMs) R-HSA-9018678 4 6.72E-04 22.49536 0.026302
Melanin biosynthesis R-HSA-5662702 3 8.35E-04 64.11176 0.028598
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EML4 and NUDC in mitotic spindle formation
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Fig. 5. Pathway enrichment analysis results for up-regulated DEGs. Y-axis represents the pathway term name and X-axis indicates the associated gene number with 
the term. The color of the bar relies on |-log(PValue)|, a high value of |-log(PValue)| means high opacity and low opacity means low |-log(PValue)| value.
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The GO analysis showed the top 30 ontology terms for identified up 
and down-regulated DEGs. Pathway analysis was used to reveal the top 
10 most attached terms to the up and down-regulated DEGs. Pathway 
terms show the up-regulated DEGs were mostly connected with some 
very crucial activities like Cell Cycle, Cell Cycle, Mitotic, and M Phase; 

and the down-regulated DEGs were connected with Generic Transcrip
tion Pathway, Formation of the cornified envelope, and Keratinization. 
Keratinization enacts the cytoplasmic instances that take place in the 
cytoplasm of epidermal keratinocytes throughout their terminal disin
tegration. In 2017 a study, by Wolfer et al. revealed that Keratinization 
Is an exclusive Prognostic component in OSCC.23,24 In 2015, Cooper et al 
showed that nonkeratinized tumors have elevated survival than kerati
nized tumors in throat cancer.24,25

The PPI network was constructed using a strong combined score. In 
the network, 92 nodes and 242 interactions were present. Three distinct 
methods were applied to identify the hub DEGs, and after that, we figure 
out the common DEGs in the three methods' results. The hub DEGs were 
KIF23, AURKA, CENPF, CDC20, DLGAP5, CEP55, ANLN, NCAPG and 
KIF14. KIF23 is a protein-coding gene and the 23rd member of the 
kinesin-like protein family. Study shows the KIF23 gene is greatly 
expressed in different types of tumors, like breast cancer, gastric cancer, 
and lung cancer. The overexpression of KIF23 is mainly connected with 
tumor grade, invasion, and prognosis in breast cancer.25–27 In a study, 
Cheng and et al. disclose that KIF14 and KIF23 takes part to raise Cell 
Proliferation Chemoresistance in Hepatocellular carcinoma cells.27,28

Unfortunately, no studies are found available that discussed the regu
latory role of KIF23 in OSCC development, but we think KIF23 may have 
the potential to be a therapeutic biomarker of OSCC. More study is 
needed to prove our statement.

AURKA is a member of serine/threonine kinases family, its activation 
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Fig. 6. Pathway enrichment analysis results for down-regulated DEGs. Y-axis 
represents the pathway term name and X-axis indicates the associated gene 
number with the term. The color of the bar relies on |-log(PValue)|, a high value 
of |-log(PValue)| means high opacity and low opacity means low |-log 
(PValue)| value.
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is crucial for cell division procedure. According to The Cancer Genome 
Atlas (TCGA) database data, AURKA shows remarkable overexpression 
in cancer tissues compared to normal tissues.28,29 Overexpression of 
AURKA can encourage cellular transformation and may potentiate the 
action of various oncogenes, further enhancing the chance of tumori
genesis.29,30 Dawei et al. identified that AURKA associates with the 
development of OSCC by modulating epithelial-to-mesenchymal tran
sition and apoptosis via the regulation of ROS.10,31 In 2013 in a study, 
Tanaka et al. finds a meaningful connection between the expression of 
AURKA and histological differentiation and lymph node metastasis from 
OSCC samples.11,32 In a study in 2017, genetic polymorphisms of 
AURKA were identified as a significant factor in OSCC progression in 
Taiwan.12,33 According to the discussion, AURKA may play a crucial role 
in OSCC development. The CENPF gene has connections with several 
tumor and cancer types. Study shows high expression of CENPF relates 
to slow prediction of cancer and tumor bone metastasis in breast can
cer.13,34,39 High expression of CENPF is also connected with slow pre
diction and development of lung adenocarcinoma.14,35 Cell division 
cycle 20′s (CDC20) divergent expression is connected with aggressive 

development and slow detection of tumors in several types of cancer, 
such as pancreatic ductal adenocarcinoma, gastric cancer, urothelial 
bladder cancer, astrocytoma, hepatocellular carcinoma, lung adeno
carcinoma, and OSCC.15,36 CDC20 may play a significant role in OSCC 
progression and medication. Centrosomal Protein 55 (CEP55) showed 
high expression in head and neck squamous cell carcinoma, and oral 
cavity squamous cell carcinoma.16,17,37,38,40 Furthermore, we generate a 
TF-miRNA network with 226 nodes and 994 edges to understand deeper 
knowledge about the DEGs but no significant result was found to 
describe. Bioinformatics tools offer significant insights into biological 
processes, yet their predictive nature has inherent limitations. These 
include biases in algorithms, dependence on incomplete databases, and 
an inability to fully capture the complexity of dynamic cellular envi
ronments. Without experimental validation, computational predictions 
may generate false positives or fail to detect functionally important 
variations. Moreover, structural and functional annotations based solely 
on sequence homology can be misleading due to evolutionary diver
gence. To address these challenges, future research should emphasize 
the integration of multi-omics data, enhancement of machine learning 

Fig. 8. Top 10 hub genes according to (A) degree value, (B) MCC, and (C) MNC method. (D) Venn diagram that identifies common hub genes between the results of 
3 methods.
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Table 6 
Pathway analysis result of identifying clusters of PPI network. (A), (B), and (C) indicate the cluster number.

Term ID Term Count P Value Fold Enrichment FDR

(A) Cluster 1
R-HSA-1640170 Cell Cycle 10 8.72E-09 11.29851 6.28E-07
R-HSA-69278 Cell Cycle, Mitotic 9 4.64E-08 12.54316 1.67E-06
R-HSA-68877 Mitotic Prometaphase 5 7.34E-05 19.16317 0.001425
R-HSA-68886 M Phase 6 7.91E-05 11.22283 0.001425
R-HSA-2500257 Resolution of Sister Chromatid Cohesion 4 3.92E-04 24.82086 0.005638
(B) Cluster 2
R-HSA-909733 Interferon alpha/beta signaling 6 1.07E-11 152.0278 2.46E-10
R-HSA-913531 Interferon Signaling 6 1.94E-09 54.73 2.23E-08
R-HSA-1280215 Cytokine Signaling in Immune system 6 1.30E-06 14.99452 9.99E-06
R-HSA-1169410 Antiviral mechanism by IFN-stimulated genes 4 3.72E-06 91.21667 2.14E-05
R-HSA-168256 Immune System 6 2.15E-04 5.408103 9.90E-04
(C) Cluster 3
R-HSA-211981 Xenobiotics 5 1.06E-10 364.8667 1.58E-09
R-HSA-211859 Biological oxidations 6 3.28E-09 49.30631 2.46E-08
R-HSA-211897 Cytochrome P450 − arranged by substrate type 5 6.00E-09 138.2071 3.00E-08
R-HSA-211945 Phase I − Functionalization of compounds 5 4.12E-08 86.05346 1.55E-07
R-HSA-1430728 Metabolism 6 2.70E-04 5.168083 8.11E-04

Fig. 9. Top 3 clusters from the PPI network (A–C). Pathway analysis of clusters (D). The red color bar means a low FDR value and the yellow color bar means a high 
FDR value. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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models with experimentally validated datasets, and the development of 
hybrid approaches that merge computational predictions with high- 
throughput experimental screening. Advances in single-cell 
sequencing, cryo-electron microscopy, and synthetic biology can facili
tate direct experimental validation of bioinformatics-driven hypotheses. 
Strengthening collaborations between computational biologists and 
experimental researchers will be essential to bridging the gap between 
in silico predictions and in vivo or in vitro validation. Limitations of this 
study, firstly we have used two different datasets but those are imbal
anced in class between OSCC infected and normal. Secondly, we could 
not offer any lab related experiment for that we can't validate our re
sults. Third, our datasets are not appropriate to do survival related 
studies that's why we didn't any ROC and AUC analysis for in-depth 
results. But in future we will cover these limitation.

5. Conclusions

In conclusion, we applied a systematic bioinformatics analysis to 
identify significant biomarkers for OSCC. We identify KIF23, AURKA, 
and CDC20 may play significant roles in OSCC progression and thera
peutic solution. The limitation of the study is the unavailability of gene 
expression profiles according to our conditions. We could not present 
any medical validation of our result which is also a limitation of our 
study. We hope the results of this study will be helpful to the researchers 
to identify biomarkers of OSCC.
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Fig. 10. TF-miRNA network includes 226 nodes and 994 edges (A). 74 miRNAs and 152 TFs were mapped in the network. The triangle shape represents the miRNA 
and the square shape represents the TF. (B) Top 5 miRNA and TF visualized with indicating their degree value. Different color represents whether it is miRNA or TF.
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