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Aims and Objectives: The goal of this study was to uncover crucial biochemical
pathways, prognostic indicators, and therapeutic targets in patients with oral
cancer in order to enhance therapy strategies. Materials and Methods: Five
gene expression omnibus datasets were analyzed by using bioinformatics
approaches to identify differentially expressed genes (DEGs). To determine
biological alterations, gene ontology (GO) and KEGG pathway analyses were
implied using the identified DEGs. Hub genes were determined using protein—
protein interaction (PPI) network analysis and an interactome was constructed
using NetworkAnalyst. Furthermore, five hub genes were evaluated for use as
prognostic markers by using the human protein atlas (HPA) and the GEPIA2.0
database. In addition, the correlations between hub-gene expression and immune
cell infiltration of oral squamous cell carcinoma (OSCC) tumors were analyzed
using the tumor immune estimation resource (TIMER) database. Results: A total
of 2071 upregulated genes and 1893 downregulated genes were identified. GO
and pathway analysis showed DEGs were enriched in multiple immune response
terms and interaction of inflammatory cytokines. From the PPI network, five hub
genes were identified that have a crucial role in OSCC. These included interferon
regulatory factor 4 (IRF4), chemokine receptor 7 (CCR7), TNF receptor
superfamily member 17 (TNFRSF17), CD27, and sphingosine-1-phosphate
receptor 4 (S1PR4), which were predicted to be favorable prognostic markers
for OSCC using HPA. Overall survival analysis revealed that low expression of
the five hub genes was significantly associated with worse overall survival. Our
analysis of tumor-associated immune infiltration revealed that increased IRF4
expression was positively correlated with the gene expression profiles suggestive
of infiltration of all immune cell types, whereas increased CCR7 expression was
negatively correlated with neutrophil infiltration. Increased expression of CD27,
S1PR4, and TNFRSF17 was found to be negatively correlated with dendritic
cell, MO macrophage, and neutrophil infiltration. Conclusion: In summary,
inflammation, and the immune response play an important role in OSCC. All
five hub genes were good predictors of OSCC prognosis, suggesting that they
could be used as potential therapeutic targets and tumor markers.
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INTRODUCTION

O ne of the most prevalent head and neck squamous
cell carcinomas (HNSCC) is oral squamous cell
carcinoma (OSCC), which accounts for more than
200,000 new cancer cases per year globally.! OSCC
differs from other malignancies due to its invasive
development, frequent regional metastases, high
recurrence rate, and poor prognosis.”) OSCC has a
complex etiology. It has been observed that cigarette
smoking, excessive alcohol intake, and betel quid use
are the key causes and common etiological factors
in OSCC.PI Although the oral examination is simple,
many patients go misdiagnosed until they are in the
advanced clinical stages, resulting in a dismal prognosis
and a significant risk of death.” Despite the availability
of effective treatments such surgical resection,
chemotherapy, radiation, and targeted biologics, the
S-year overall survival rate for patients with OSCC
remains low. Therefore, early diagnosis is the most
critical factor in enhancing the 5-year survival rate and
prognosis of OSCC.P!

Recent years have seen an increase in OSCC cases,
particularly among young persons.[! Therefore,
additional research is required to comprehend the
molecular causes of this disease. Recent research has
shown that the development and growth of OSCC
tumors are correlated with distinctive changes in
gene expression levels. Finding plausible processes
and mRNA biomarkers for OSCC risk assessment,
treatment, and early diagnosis is still urgently
needed.®!

At present, the fields of bioinformatics and computer
science are very important to the study of biology,
especially for the analysis of protein and gene regulatory
networks. They aimed at identifying key genes and
proteins involved in the pathogenesis of different
diseases.”) Bioinformatics allows researchers to organize
big data into a more manageable form that facilitates
access and the addition of new features as they become
obtainable. It also makes possible the development
of resources and instruments that aid researchers
analyze and interpret data in an attempt to provide
a biological explanation for these observations.”
Bioinformatics enables access to various forms of
data, such as sequencing and expression results on a
large scale, enabling whole-genome and whole-exome
investigations.!'!

Thiswork provides a novel perspective forunderstanding
OSCC development’s essential molecular mechanism,
which could offer more promising possible biomarkers
for early detection, prognosis, and treatment.

MATERIALS AND METHODS

GENE EXPRESSION OMNIBUS DATASET AND SELECTION

The following criteria were used to search the gene
expression omnibus (GEO) database: Search term,
“Oral Squamous Cell Carcinoma”; study type,
“Expression profiling by array”; publication dates,
2010/1/1-2018/11/21.  Four datasets, GSE37991,
GSE30784, GSE23558, GSE56532, and GSE74530
from Taiwan, USA, India, and Australia, respectively,
were incorporated into the current analysis. The
flowchart is shown in Figure 1 and Table 1. The
datasets included 320 OSCC samples and 104 normal
oral mucosa samples. The use of five gene expression
profiles averted any confounding due to differences
based on sample heterogeneity within single profiles
and revealed universal differentially expressed genes
(DEGs) that apply to different ethnic groups. It
has been reported that ethnic differences may aftect
disease-associated gene expression profiles.'!! The raw
data were applied for Imageo (http://bioinfo.genyo.es/
imageo/) and screened with the limma package in R
programming (version 3.2.5; http://www.r-project.
org/). After that, the DEGs between OSCC and
normal oral mucosa tissues were screened using the
log, of the fold change (logFC). An adjusted P-value
<0.05 and |logFC|>2 were defined as the cutoff
standards.

BIOLOGICAL FUNCTION AND PATHWAY ANALYSIS

The Database for Annotation, Visualization, and
Integrated Discovery (DAVID; http://david.ncifcrf.
gov/home jsp) is a bioinformatics database that
combines biological data mining and technologies
to give systematic, integrated biometric annotation
information for huge lists of genes or proteins.!
DAVID was used to conduct gene ontology (GO)
analysis and KEGG pathway enrichment on DEGs
in order to identify the GO terms in the categories:
biological process, cellular component (CC), molecular
function (MF), and the signaling transductions of the
participating DEGs. A value of P <0.05 was considered
statistically significant.

PROTEIN NETWORK CONSTRUCTION AND IDENTIFICATION OF CAN-
DIDATE GENES

Through the quick construction of biological networks,
NetworkAnalyst (https://www.networkanalyst.ca) is
a suite of web-based online tools for statistical meta-
analysis, data integration, and data visualization. It
supports the meta-analysis of gene lists and integrates
data using robust statistical methods, which are then
visually examined within protein—protein interaction
(PPI) networks.'¥ In this investigation, STRING was
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Figure 1: Flowchart of study selection in bioinformatics analysis process

Table 1: Number of normal and disease samples in the five
gene expression omnibus datasets

Dataset Normal Disease
GSE74530 6 6
GSE34106 15 28
GSE34105 16 62
GSE25099 22 57
GSE30784 45 167

chosen as a PPI database. In order to get more objective
and reliable results, this study confined the sources
requiring experimental proof, and the criteria cutoff
score was set at high confidence (900). The nodes with
the most degrees were designated as hub genes, and
they may serve as core proteins or major candidates
with crucial physiological regulatory roles. In the next
step, genes in the modules were analyzed for pathway
enrichment. A statistically significant difference was
determined as P < (.05.

VERIFICATION OF HUB- GENES IN THE CANCER GENOME ATLAS
COHORT USING THE GEPIA DATABASE

To confirm the validity of all five hub genes, we
examined the levels of expression in both normal tissues
and tumors. Each hub gene’s expression level in tumor
and normal tissue was represented as a box plot. The
online GEPIA2 database was used to analyze publicly
available data from The Cancer Genome Atlas (TCGA)
cohort to determine the relationship between hub-gene
expression levels and disease-free survival in patients
with HNSCC.I'"! In this analysis, only patients with
completed follow-up periods were chosen for survival

analysis, and they were then divided into two groups
based on the median hub-gene expression values. Hub
genes involved in survival were considered significant if
their log-rank P < 0.05.

TUMOR IMMUNE ESTIMATION RESOURCE DATABASE

The tumor immune estimation resource (TIMER)
database, which is publicly available at http://cistrome.
org/TIMER, is used to assess the correlation between
cancer and immune cell infiltration.!'>! In order to
identify hub genes from PPI networks, the effect of
immune stimuli on OSCC and gene expression related
to immune infiltration were evaluated using TIMER.
Log-rank P-value and hazard ratio (HR) with a 95%
confidence interval (CI) were used to assess statistical
significance. The positive correlation was set as P <
0.05, Spearman’s p < 0, and the negative correlation
was set as P < 0.05, Spearman’s p > 0.05.

REsuLTS

DIFFERENTIALLY EXPRESSED GENE IDENTIFICATION

The data were screened by using the limma package
with cutoff criteria set at P < 0.05 and |logFC| > 2. The
expression profile data allowed for the identification
of 3964 DEGs, including 2071 upregulated and 1893
downregulated genes. Table 2 shows the findings
of analyses contrasting OSCC and normal tissue
expression profiles from the five datasets (GSE37991,
GSE30784, GSE23558, GSE56532, and GSE74530).
Figure 2A shows a heat map of the DEGs’ general
clustering. Figure 2B-F shows the volcano plots.
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BIOLOGICAL FUNCTION ENRICHMENT ANALYSIS

According to Figure 3A-F, the GO enrichment
analysis showed that in the biological processes
category (BP), the upregulated genes were significantly
enriched in immune response, immune system process,
and regulation of immune system process, whereas
downregulated genes were enriched in oxidation—
reduction process, fatty acid metabolic process, and
small-molecule metabolic process. In addition, the CC
revealed that the chromosome category was enriched
in upregulated genes, whereas the mitochondrial
protein complex category was mainly enriched in
downregulated genes. In addition, for MF, upregulated
genes were enriched in the macromolecular complex
binding category, and downregulated genes were
enriched in the oxidoreductase activity category. As

Table 2: Differentially expressed genes of five datasets and
meta-analysis

Dataset Significant genes
GSE74530 1711
GSE34106 2314
GSE34105 3725
GSE25099 8401
GSE30784 7571
Meta-analysis 3964

shown in Figure 4A, KEGG pathway enrichment
analysis indicated that the cytokine—cytokine receptor
interaction, focal adhesion, and extracellular matrix
(ECM)-receptor interaction pathways were enriched in
OSCC-regulated genes.

PROTEIN-PROTEIN INTERACTION NETWORK ANALYSIS AND HUB
GENE IDENTIFICATION

The STRING database was used to determine the
PPI network among the 3964 DEGs. As revealed in
Figure 4B-F, five hub genes were specified based on
their connectivity degree from five subnetworks. The
results revealed that interferon regulatory factor 4
(IRF4), chemokine receptor 7 (CCR7), TNF receptor
superfamily member 17 (TNFRSF17), CD27 molecule
(CD27), and sphingosine-1-phosphate receptor 4
(S1PR4) were the most crucial genes with the highest
connectivity.

VERIFICATION IN THE CANCER GENOME ATLAS COHORT BY
GEPIA DATABASE

After the five hub genes were identified, we verified their
expression level in the patients of the TCGA cohort as
shown in Figure 5A. All of the hub genes were found
to be significantly upregulated in HNSCC compared
with normal tissues. Moreover, overall survival analysis
of all selected hub genes was performed by using the

Normal Disease
1 L

i T 1

== E—

A

GSE25099: normal vs OSCC GSE30784: normal vs OSCC

%0
ootopvane €

10910(Pvalue)

e
Padj<0.05| *
+ down
. u

Padj<0.05|
« down
o uw

6 4 2 0 2 4 6 5 0 B

1092(1oid change)
GSE34105: normal vs OSCC

1092(1oid change)
‘GSE34106: normal vs OSCC

=

5
15

10g10(Pvalue)
15
10

10g10(Pvalue)

tog2(iold change)

g
3
4
*
g

109210k change)

GSE74530: normal vs OSCC

~
Pad)<0.05]
« down

. up

8 6 4 2 o0 2 4 6

tog2(told change)

Figure 2: (A) Heatmap of overall DEGs. The red color indicates low and the green color indicates high levels of gene expression. (B-F)
Volcano plots of the differentially expressed genes (DEGs) in GSE25099, GSE30784, GSE34106, GSE34105, and GSE74530. The red color
represents upregulated genes (P < 0.05) and the blue color represents downregulated genes (P < 0.05)
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Figure 3: Terms of gene ontology (GO) analysis relating to upregulated and downregulated differentially expressed genes (DEGs). (A and B)
The up- and downregulated GO terms of biological process (BP). (C and D) The up- and downregulated GO terms of molecular function
(MF). (E and F) The up- and downregulated of cellular component (CC)

GEPIA2 database for validating the prognostic values
of the hub genes in patients with HNSCC. The results
show that lower expression of all five hub genes was
significantly associated with worse overall survival
in patients with HNSCC (P < 0.05) as shown in
Figure 5B-F.

ANALYSIS OF TUMOR-ASSOCIATED IMMUNE INFILTRATION
Immune infiltrating cells disrupt cytokine signaling
in the tumor microenvironment and are a major
contributor to the growth of cancer. In this study,

we determined the relationship between hub gene
expression and the expression profiles of immune
cells, such as CD8+ T cells, CD4+ T cells, B cells,
neutrophils, dendritic cells, macrophages, and natural
killer (NK) cells. Our analysis showed that CCR7 was
negatively connected with just neutrophils, but IRF4
was favorably correlated (P = 0.05) with gene expression
profiles indicating infiltration by all immune cell types.
Dendritic cells, MO macrophages, and neutrophils
were observed to negatively correlate with CD27,
S1PR4, and TNFRSF17. Figure 6A-E shows a dot
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Figure 5: (A) Validation of hub-gene expression level between normal and head and neck cancer samples based on TCGA database GTEx
data in GEPIA database. Overall survival analysis values of CCR7 (B), IRF4 (C), CD27 (D), SIPR4 (E), and TNFRSF17 (F) were
performed by using GEPIA2.0 and Kaplan—-Meier plotter online database. The solid lines indicate the survival curve and dotted lines
indicate the 95% confidence interval. Log-rank P < 0.05 was considered to indicate a statistically significant difference. Patients with gene
expression levels above the median are represented by red and blue lines

plot of associations between hub genes and immune in OSCC pathogenesis, which have a positive

infiltrating cells. correlation with CD4+, CD8+, B cell, and NK cell
in immune infiltration of tumor analysis. The overall
DiscussioN survival analysis showed that all five hub genes were

Our results revealed that IRF4, CCR7, TNFRSFI7,  significantly upregulated in HNSCC compared with
CD27, and SIPR4 were the most potential genes  normal tissues. Currently, the incidence of OSCC is
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Figure 6: Correlation between hub-gene expression and immune cell infiltration determined using TIMER database. A value of P < 0.05
was considered statistically significant. The spearman’s p < 0 and p > 0 were considered to indicate negative and positive correlations,
respectively. (A) CCR7 expression showed a positive correlation with infiltration by all immune cells except neutrophils. (B) CD27
expression showed a negative correlation with infiltration by dendritic cells, MO macrophages, and neutrophils but a presented positive
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correlation with all immune cell types. (D and E) SIPR4 and TNFRSF17 expression showed positive correlations with all immune cell types
except for dendritic cells, MO macrophages, and neutrophils
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rapidly increasing. OSCC has a high mortality rate and
is difficult to detect in its early stages due to a lacking
of effective early screening and monitoring methods.!'”
OSCC is a tumor that is highly immunogenic and
shows immune cell infiltration.'® The formation and
evolution of OSCC tumors may be influenced by a
number of inflammatory mediators, including nuclear
factor kappa-beta (NF-B), activator protein 1 (AP-1),
tumor necrosis factor-alpha (TNF-), interleukin-6, -8
(IL-6, IL-8), and cyclooxygenase (COX)-2.'") Tumor
development, tumor growth, and metastasis are induced
by inflammatory mediators.”” Immune cell infiltration
into the tumor causes persistent inflammation, which
causes a gradual rise in inflammatory mediators during
the OSCC tumor transformation process.?!l

Our PPI network analysis identified five hub genes
that have high central betweenness and might play
a role in OSCC. CCR7 has been associated with the
ability of neoplastic cells to promote lymph node
metastatic cancer and also promote the proliferation
of neoplastic cells, as well as adhesion, migration,
invasion, and angiogenesis in oral tumorigenesis.?
IRF4 is a transcription factor of the IRF factor family
that provides regulatory functions in the immune
system and during oncogenesis. Previous reports have
shown that IRF4 overexpression usually ameliorates
tumor growth of colorectal cancer by promoting the
transdifferentiation of T-regs into macrophage-like
cells through the inhibition of BCL6 expression but
acts as a tumor promoter in non-small-cell lung cancer
(NSCLC).P¥ TNFRSF17, CD27, and S1PR4 have been
reported to be associated with tumor immunity, immune
trafficking, and immune cell infiltration in tumors and
may play a pivotal role in the immune response and
inflammation in cancer. Although their exact role
remains unclear, all five hub genes were discovered to
be favorable prognostic markers in HNSCC.*+281 The
roles of these gene expression alterations in regulatory
signaling during HNSCC development should be
further studied in depth.

The pathophysiology of tumors is largely influenced
by the immune system. Immune cells have a
varied distribution throughout tumors and are
connected to clinicopathological characteristics.?”
Microenvironments, such as the immune system
invading nearby tumors, have an impact on treatment
response and tumor growth.”¥ tumor-infiltrating
lymphocytes, which are regarded as the most important
effectors of the host anti-tumor immune response that
have been associated with increased survival in a number
of cancer types. For HNSCC, an increase in regulatory
T cells (Treg) and myeloid-derived suppressor cells
(MDSCs) as well as a decrease in the number of T

cells has been reported in addition to CD8+ effector
T-cell dysfunction.” In a recent study, researchers
investigated the gene expression patterns of tumor-
infiltrating lymphocytes, including macrophages,
neutrophils T cells, and B cells in various types of solid
tumors.P’ Severe immune disruption was found to be
the cause of impairment of the antitumor response
in HNSCC. A strong correlation between the density
and location of tumor-infiltrating lymphocytes may
lead to better prognostic markers in cancer and could
be used as a supplement to pathological characteristics
of HNSCC.B! Neutrophils and their precursors could
be attracted by developing tumor cells that eliminate
various factors such as CCL4, or CCL5 and IL-8.%
Tumor-associated neutrophils were found to promote
tumor growth by cancer metastasis, angiogenesis,
immune suppression, and supporting genetic instability
in OSCC.BINK cells have a di cytolytic effect through
the production of granzymes, perforins, and interferon-y
(IFN-y) that promote the activation of T-helper-1
(Thl) cells and myeloid cells.’¥ CD8* lymphocytes
are major effectors of the adaptive immune response
that are involved in antitumor activity and tumor cell
clearance.™ An abundance of CDS8* lymphocytes
infiltrating tumors is not only a good prognostic
marker in various cancers but also an argument for
responsiveness in immunotherapy.’! A previous study
reported that tumors involving lip mucosa showed
intense CD8" lymphocyte infiltration in tumor tissue
compartments but there was no correlation with CD4*
lymphocyte infiltration in OSCC.F However, both
CD8* and CD4* activated lymphocytes express the
programmed cell death protein-1 (PD-1) that exerts
inhibitory effects when binding to specific ligands
present on immune and tumor cells.?¥

For evaluation of our study, although the study
employed a relatively large sample size, future research
will be confirmed to validate these findings using
samples from patients or patients’ databases. Second,
to better understand the functions of these hub genes
would be the large-scale elucidation of the molecular
processes of oral cancer.

CONCLUSION

In conclusion, our study used thorough bioinformatics
analysis to search for DEGs in normal and OSCC
tumor tissues. The study showed that inflammation
and immunological response are related to OSCC
development, indicating a change in biological function.
Five hub genes, IRF4, CCR7, TNFRSF17, CD27, and
S1PR4, were discovered by PPI network analysis. These
genes show a positive link with CD4+ lymphocyte,
CDS8+ lymphocyte, B cell, and NK cell infiltration of
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OSCC cancers. These genes’ patterns of expression
may serve as prognostic indicators in OSCC.
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