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ABSTRACT

Periodontitis is a chronic inflammatory disease that affects the supporting tissues of
the teeth, including the gums, periodontal ligament, and alveolar bone. It is caused
by the accumulation of dentalplaque and the host's immune response to bacterial
toxins, resulting in destruction of the supporting tissues. Periodontitis has been
associated with a variety of systemic conditions, includingcardiovascular disease,
diabetes, and respiratory disease.

In this study, we performed an in-silico analysis to identify differentially expressed
genes in periodontitis and oral cancer. The microarray dataset of GSE10334 and
GSE13601 was selected from gene expression omnibus (GEO) database and Data
from periodontal disease ontology browser was taken to look at the common genes
between the three datas (periodontal disease Disease Ontology Browser -
DOID:3388 (jax.org)) GEO2R tool was used and identified a total of top differentially
expressed genes (DEGSs), of which 68 and 88 genes were up-regulated and down-
regulated respectively. Cytoscape was used for the screening of clusters and
identification of hub genes.| have used the cytohubba and reactome plugin to
identify genes with highest degree nodes from up-regulated and down-regulated
genenetworks respectively and hence can be used as possible molecular target. In
order to validate the accuracy of the genes identified as the hub genes, literature

from PubChem will has been provided as evidence.
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CHAPTER -1

INTRODUCTION

Periodontitis and oral cancer are two of the most prevalent and debilitating oral
health conditions worldwide, with significant impacts on quality of life and overall
health (Chapple et al., 2018; Chen et al., 2019). While the link between these two
conditions has been established in previous research, the underlying mechanisms
and interactions between the two are not fully understood. This knowledge gap
presents a challenge for healthcare professionals seeking to prevent, diagnose, and
treat these conditions.Recent studies have highlighted the potential role of molecular
and cellular mechanisms in the crossroad between periodontitis and oralcancer
(Mashima et al.,, 2016; Zhang et al., 2020). However, traditional experimental
approaches are limited in their ability to comprehensively analyze the complex

interactions between genes, proteins, and pathways involved in these conditions.

Computational approaches, on the other hand, have emerged as a powerful tool
for analyzing complex biological systems and identifying novel insights into disease
mechanisms (Wang et al., 2019; Wang et al., 2020). In this research project, we aim
to use computational methods to investigate the potential connections between
periodontitis and oral cancer, with a focus on understanding the molecular and
cellular pathways involved.Specifically, we will use a variety of computational
techniques, including network analysis, machine learning, and statistical modeling,
to analyze large-scale datasets of genetic, epigenetic, and transcriptomic data from
periodontitis and oral cancer patients. By integratingthese diverse datasets, we
hope to identify key genes, pathways, and regulatory mechanisms that are involved
in the crossroad between these two conditions.Ultimately, our goal is to provide a
more comprehensive understanding of the molecular and cellular mechanisms
underlying periodontitis and oral cancer, and to identify potential targets for future
prevention and treatment strategies. By leveraging the power of computational
approaches, we believe this research has the potential to make significant

contributions to the field of oral health and beyond.



CHAPTER - 2

LITERATURE SURVEY

Cancer is a complex disease that arises from abnormal growth and division of cells
in the body. It is the second leading cause of death globally, accounting for
approximately 9.6 million deaths in 2020 alone. Cancer can occur in any part of
the body, and there are more than 200 types of cancer, each with its unique
characteristics and treatment options.Various aspects of cancer biology, diagnosis,
and treatment. For instance, a study by (Ghasemzadeh et al, 2021) investigated the
role of the immune system in cancer development and progression. A researchhas
focused on developing new treatments for cancer.Oral cancer is a type of cancer
that develops in the tissues of the mouth or throat, including the lips, gums, tongue,
and inner lining of the cheeks. According to the Global Cancer Observatory
(GLOBOCAN) 2022 report, there were 377,713 new cases of oral cancer and
177,757 deaths worldwide in 2020. This makes oral cancer the 15th most common
cancer globally and the 7th most common cancer in men.Several risk factors have
been identified for oral cancer, including tobacco and alcohol use,viral infections
such as human papillomavirus (HPV), poor oral hygiene, and a diet low in fruits and
vegetables. Early detection is crucial for successful treatment and management of
oral cancer.

Recent studies have focused on the role of biomarkers in the early detection and
diagnosis of oral cancer. For example, a 2021 study published in the journal Oral
Oncology found that a panel of saliva biomarkers could accurately distinguish
between healthy individuals and those with oral cancer or potentially malignant oral
lesions. Another 2020 study published in the same journal identified a specific
microRNA molecule in saliva that was associated with the progression of oral
cancer.According to a study conducted by (Gupta et al, 2020) oral cancer is the most
common cancer in India. The study was conducted on 872 patients diagnosed with
oral cancer, and it was found that the incidence of oral cancer was highest among
males aged 40-59 years.A recent report by the National Cancer Registry
Programme (NCRP) (2021) revealed that the incidence of oral cancer in India has

been steadily increasing over the past few years. In 2020, it was



estimated that there were 92,697 new cases of oral cancer in India. In a study
conducted by (Mishra et al, 2021), it was found that the prevalence of oral cancer
was higher in rural areas compared to urban areas. The study was conducted on
250 patients diagnosed with oral cancer, and it was found that 70% of the patients
were from rural areas. According to a report by the World Health Organization
(WHO) (2020), tobacco and alcohol consumption are major risk factors for oral
cancer in India. The report also states that smokeless tobacco is a significant risk
factor for oral cancer in India, and it is commonly used in the form of gutkha, paan
masala, and khaini. Periodontitis is a chronic inflammatory disease that affects the
supporting tissues of the teeth, including the gums, periodontal ligament, and
alveolar bone. It is caused by the accumulation of dental plague and the host's
immune response to bacterial toxins, resulting in destruction of the supporting
tissues. Periodontitis has been associated with a variety of systemic conditions,
including cardiovascular disease, diabetes, and respiratory disease. Recent studies
have also suggested a link between periodontitis and oral cancer.

Oral cancer is a malignant tumor that can develop in any part of the oral cavity,
including the lips, tongue, cheeks, floor of the mouth, hard and soft palate, and
pharynx. It is the sixth most common cancer worldwide and has a high mortality rate
due to late diagnosis and poor prognosis. The main risk factors for oral cancer
include tobacco and alcohol use, human papillomavirus (HPV) infection, and chronic
inflammation.Several studies have investigated the association between
periodontitis and oral cancer. A meta-analysis of 15 case-control studies found that
periodontitis was significantly associated with an increased risk of oral cancer
(OR=2.44, 95% CI: 1.93-3.08) (Chen et al., 2018). Another meta-analysis of 11
case-control studies reported a similar association (OR=2.39, 95% CI: 1.95-2.93)
(Guo et al., 2019). The mechanism underlying the link between periodontitis and
oral cancer is not fully understood, but several hypotheses have been proposed.
One hypothesis is that chronic inflammation in the periodontal tissues may lead to
the production of reactive oxygen species (ROS) and pro-inflammatory cytokines,
which can cause DNA damage and promote carcinogenesis (Yu et al.,, 2019).
Another hypothesis is that periodontal pathogens may enter the bloodstream and
reach the oral mucosa, where they can interact with other risk factors, such as

tobacco and alcohol, to promote cancer development (Cancer et al., 2020).



Several periodontal pathogens have been implicated in the development of oral
cancer. Porphyromonas gingivalis, a gram-negative bacterium commonly
associated with periodontitis, has been shown to promote oral cancer cell growth
and invasion in vitro (Zhu et al., 2018). The treatment of periodontitis may have a
beneficial effect on the prevention and treatment of oral cancer. A randomized
controlled trial of 51 patients with periodontitis found that periodontal treatment
improved the periodontal status and decreased the levels of pro-inflammatory
cytokines in the gingival crevicular fluid, suggesting a reduction in the systemic
inflammatory burden (Kumar et al., 2019). Another study of 101 patients with oral
cancer found that periodontal treatment improved the oral hygiene and reduced the
levels of periodontal pathogens in the oral cavity, suggesting a potential role in
preventing cancer recurrence (Zhang et al., 2020).In conclusion, periodontitis is a
risk factor for oral cancer, and the underlying mechanism may involve chronic
inflammation and the interaction between periodontal pathogens and other risk
factors. The treatment of periodontitis may have a beneficial effect on the prevention
and treatment of oral cancer. Further studies are needed to elucidate the exact
mechanisms and to develop effective strategies for the prevention and management
of oral cancer in patients with periodontitis.



CHAPTER - 3

AIM AND SCOPE

3.1 AIM

The objective of this research project is to conduct a computational analysis of gene
samples from patients with periodontitis and oral cancer to identify potential
associations between these two conditions using various bioinformatics tools and
databases. We performed a series of analyses to identify the differentially expressed
genes between the two diseases periodontitis and oral cancer. Since the patients
having periodontitis can lead to development of oral cancer in near future. We find

the hub genes that can act as biomarkers.

3.2 SCOPE

This research project aimed to computationally analyse the crossroad between
periodontitis and oral cancer by combining datasets. Our analysis revealed several
genes that were significantly upregulated in oral cancer, suggesting their potential

as hiomarkers.

We analyzed the expression levels of the potential biomarker genes and cross-
checked their associated pathways and diseases in the PubChem database. Our
analysis confirmed the reliability of the identified biomarker genes and their
relationship with periodontitis and oral cancer. The validation of the biomarker genes
using the PubChem database strengthens the significance of the findings ofthis
study and highlights the potential of using computational methods for identifying

biomarkers for oral cancer.

Overall, this study highlights the importance of exploring the relationship between
periodontitis and oral cancer through computational analysis. Our findings provide a

starting point for future studies aimed at developing effective biomarkers and



treatment strategies for oral cancer. The identified biomarkers could serve as targets
for developing novel therapies for oral cancer. This could involve designingsmall
molecule inhibitors or monoclonal antibodies against the proteins encoded by the
highly expressed genes.

10



CHAPTER - 4

MATERIALS AND METHODS

4.1 ONLINE DATABASES AND TOOLS REQUIREMENT

1. GEO (Gene Expression Omnibus)
2. GEO2R
3. DO Browser (Disease Ontology Browser)
4. BioVenn (web application for visualisation of biological lists)
5. Cytoscape (Software)
i. cytoHubba plugin
ii. Reactome plugin

6.PubChem (literature evidence)

4.2 ABOUT THE DATABASES AND TOOLS USED

1. Gene Expression Omnibus (GEO): GEO is a public repository of microarray and
next-generation sequencing data. It contains a large collection of gene expression
datasets and provides access to these datasets to the scientific community. GEO is
a publicly accessible database that provides access to gene expression data from a
wide range of organisms and experimental conditions. It is maintained by the
National Center for Biotechnology Information (NCBI), which is part of the National
Institutes of Health (NIH). The GEO database contains data from various high-
throughput experiments, such as microarrays, RNA sequencing, and other genomic
technologies. GEO data can be used for a wide range of applications, such as
identifying genes that are differentially expressed in different cell types or disease
states, exploring the molecular pathways involved in various biological processes,
and predicting drug responses. The GEO database also provides various tools and
resources to facilitate data analysis and visualization, including the GEO2R web

tool, which allows users to perform differential
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expression analysis on GEO datasets, and the GEOquery R/Bioconductor package,
which provides programmatic access to the GEO database from within the R
statistical computing environment. The Gene Expression Omnibus (GEO) was
utilized to obtain microarray datasets pertaining to patients affected withperiodontitis
and oral cancer. Specifically, two datasets were utilized: GSE10334, containing
sample data from patients with periodontitis, and GSE13601, containingsample data
from patients with oral cancer. These datasets were analyzed as part of the research

project.

2. Disease Ontology browser:. The Disease Ontology (DO) is a comprehensive
ontology of human diseases that provides standardized nomenclature, definitions,
and relationships between diseases. The DO is intended to be used for the
annotation and integration of biomedical data related to human diseases, including
genomic, genetic, proteomic, and other types of data. The Disease Ontology
Browser is a web-based tool that allows users to explore the DO and search for
specific diseases, disease groups, and related terms. The browser provides a user-
friendly interface that displays the DO hierarchy in a tree format, with diseases
arranged according to their relationships to other diseases. Users can expand and
collapse branches of the tree to explore the hierarchy at different levels of
granularity. The browser also provides a search function that allows usersto search
for specific terms or phrases within the DO. DO is often used in conjunction with
other resources that provide gene data, such as the Gene Expression Omnibus
(GEO) and the Genotype-Tissue Expression (GTEX) project. These resources allow
users to download gene expression data and other types ofgenomic data related to
specific diseases and tissues. In my project, | utilized a web browser to extract data
for the purpose of analyzing the hierarchical association between periodontal
disease and oral cancer. Specifically, | compared gene expression data from
periodontal disease samples with those obtained from oral cancer samples to

ascertain the nature of their relationship.
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3. GEO2R: The GEOZ2R tool is a web-based application that allows researchers to
analyse and interpret gene expression data obtained from the Gene Expression
Omnibus (GEO) database. The tool is developed by the National Center for
Biotechnology Information (NCBI) and is freely available to use.The GEO2R tool
enables researchers to compare gene expression levels between two or more
experimental groups and identify genes that are differentially expressed. This can
help researchers to understand the molecular mechanisms underlying various
diseases and conditions, and to identify potential therapeutic targets. To use the
GEOZ2R tool, researchers can select a GEO dataset of interest and specify the
experimental groups they wish to compare. The tool then performs statistical
analysis and generates a list of differentially expressed genes, along with
information on fold change, p-value, and adjusted p-value. The GEO2R tool also
provides a range of visualization options, including heatmaps and volcano plots,
which allow researchers to explore the gene expression data. In this project | have
done GEO2r analysis on samples from

4. Cytoscape: Cytoscape is an open-source software platform for visualizing and
analyzing molecular interaction networks. In this project, Cytoscape was used to
visualize protein-protein interaction networks, to perform network analysis, and to
identify hub genes using the cytoHubba plugin. Cytoscape is a powerful open-
source software platform widely used in network biology research to analyse,
visualize and explore complex biological networks such as gene regulatory
networks, protein-protein interaction networks, and metabolic networks. Cytoscape
provides a user-friendly interface and offers a wide range of features such as
network layout algorithms, data integration and visualization tools, network
clustering and community detection algorithms, and network analysis tools for
topological and functional analysis of the network. It allows researchers to import
and export various network file formats, customize network visualizations and create
publication-quality figures. The plugin architecture allows researchers to customize
the software by integrating new features and algorithms. In my project | have used
cytoscape to visualize networks of the hub genes that can act as biomarkers for the

duisease oral cancer.
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5.cytoHubba: CytoHubba is a Cytoscape plugin that helps in identifying important
nodes and sub-networks in a biological network. It provides a variety of network
analysis algorithms, including degree, betweenness, and closeness centrality, as
well as clustering and pathway enrichment analysis. CytoHubba allows users to
prioritize the top nodes in a network based on their centrality measures or to extract
sub-networks based on the nodes' connectivity patterns. It can also identify
functional modules and pathways within the network, which can provide insights into
the biological processes that are active in the system. In my project | have used
cytohubba as a plugin to find the network of genes that are highly connected based

on the 12 alogirthms.

6. Reactome: The Reactome plugin for CytoHubba provides several algorithms for
pathway enrichment analysis, allowing users to identify enriched Reactome
pathways in their input network. This plugin takes a list of genes or proteins as input
and generates a ranked list of enriched Reactome pathways based onstatistical
significance. The plugin also allows the user to customize several parameters, such
as the minimum number of genes required for a pathway to be considered significant
and the statistical test used to calculate enrichment.

4.3 METHODOLOGY

4.3.1 Selection of GEO datasets

The dataset analysed in this study was freely available and retrieved from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). The

gene expression profile GSE10334 and GSE13601 respectively that contains

sample data of periodontitis and oral cancer respectively.
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4.3.2 Processing of retrieved data for differentially expressed genes

The prediction of the Differentially Expressed Genes present in the selected dataset
was analyzed by GEO2R tool (https://www.ncbi.nlm.nih.gov/geo/geo2r/). The
Significant genes were filtered based on the cutoff criteria of adjusted P-Valueless
than 0.5. From the significant genes, the up-regulated and down-regulated genes
were predicted based on Log FC values such as LogFC >2 and LogFC < 2,

respectively.

4.3.3 Formation of VENNDIAGRAM to find common gene

BioVenn is a web-based tool that allows users to create Venn diagrams of biological
sets, such as gene lists or protein clusters. BioVenn can also be used to visualize
the results of high-throughput sequencing experiments, such as RNA-seqgor ChIP-
seq. In these experiments, researchers may identify thousands of genesor
regulatory elements that are differentially expressed between two or more
conditions. By using BioVenn to create Venn diagrams of these gene lists,
researchers can quickly identify the genes.that are specific to each condition, as well
as those that are common to multiple conditions. In this project, we utilized BioVenn
as a tool for identifying common genes among datasets of periodontitis (GSE10334),
oral cancer (GSE13601), and literature-derived periodontitis gene lists. The analysis

revealed a total of 56 genes that were present in all three datasets.

4.3.4 Screening of PPl networks for modules and analysis of hub genes

Cytoscape (version 3.9.1) (http://www.cytoscape.org/), is an open-source software
platform for visualizing and analyzing complex networks, such as biological
pathways, gene regulatory networks, and protein interaction networks. The mapped
networks were exported to cytoscape and visualised for the further analysis.
CytoHubba is a plugin for the Cytoscape software, which is a powerful tool used for
analyzing and visualizing biological networks. The CytoHubba plugin is specifically

designed for identifying important nodes or hubs within a network,
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based on various topological measures. With CytoHubba, users can identify network
hubs using a variety of algorithms, such as degree, betweenness centrality,
closeness centrality. These measures can be used individually or in combination to
identify nodes that are highly connected or central to the network. Itwas used to

predict the hub genes in PPI network based on the parameter degree.

4.3.5 Screening of Enriched pathways and analysis of hub genes

In this work, the Reactome plugin for CytoHubba was employed to identify the most
highly connected nodes within a biological network, and subsequently, the
associated genes that play important roles in the network’s biological functions. By
analyzing 12 distinct parameters such as degree, centrality, radiality, occurrence,
closeness, MCC, MNC, DMNC, stress, clustering, and betweenness, the plugin
generated a ranked list of genes, with the top 10 genes identified and prioritized
based on their biological significance. The resulting gene list provides a valuable
resource for researchers interested in investigating the underlying biological
mechanisms of the system. With insights into the key players and pathways within
the network, researchers can develop new hypotheses and generate testable
predictions that may lead to a deeper understanding of the system's behavior. The
Reactome plugin for CytoHubba allows users to customize several parameters and
apply advanced statistical analyses to identify enriched pathways, making it a
powerful tool for pathway enrichment analysis. The top 10 genes identified through
the Reactome plugin for CytoHubba analysis were found to be SOS1, TNF, PPARA,
MET, VEGFA, SP1, MMP2, APP, COL1A1, and IL2. These genes were

prioritized based on their high connectivity and biological significance, and may

serve as important targets for oral cancer.
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CHAPTER -5

RESULTS AND DISCUSSION

5.1 DEG analysis

The genes expressing differentially in the dataset related to gingival tissue
transcriptome in states of periodontal health samples (GSE10334) and Oral tongue
cancer gene expression profiling samples (GSE13601) was analyzed usingGEO2R
tool. The criteria to select the significant genes were the probability valueP which
should be less than 0.05 and Log fold change values. The cut off criteria for up-
regulated and down-regulated genes was Log FC >2 and Log FC < 2, respectively.
The GEO2R analysis for GSE211392 showed 250 genes of which all 250 genes
were found to be significant based on the above mentioned criteria. In this, 236
genes were differentially expressed of which 74 were up-regulated and

162 genes were down-regulated. Top 30 genes which are up-regulated and

downregulated along with logFC value and P-Value are provided in Table 1.

Figure 5.1 Top 30 up-regulated genes

upregula
ted genes
Gene.sy
ID adj.P.val P.Value t B logFC m Gene.title
0.00003 8.14113 8.5442 1.9894 PECAM
208983S 451 5.43E-08 66 5 89 1 platelet and
0.00091 0.000009 5.76094 3.6106 1.9686 IGHA2/ immunoglob
217022S 748 5 12 6 26 //1 ulin
0.00186 0.000028 5.29034 1.9514
205692S 253 6 49 2.5492 59 CD38 CD38
211835 0.00004 7.95316 1.9396 immunoglob
at 477 7.94E-08 23 8.1846 3 IGKC ulin

206574S 0.00011 0.000000 7.28048 6.8541 1.9386 PTP4A3 protein
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In order to identify common genes among three datasets, a Venn diagram was

constructed using the BioVenn tool. The gene lists from the periodontitis dataset
(GSE10334), oral cancer dataset (GSE13601), and periodontitis literature were

uploaded into the tool, and 56 common genes were identified through the

overlapping regions of the Venn diagram. This approach provides a simple yet

effective way to identify genes that are shared across multiple datasets and may

have important implications for understanding the underlying biological
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mechanisms of the studied diseases. The identified common genes can be further
analyzed to gain deeper insights into their biological functions and potential roles as
therapeutic targets.

Input files:

List names number of elements | number of unique elements
Oral cancer (12107 [o1s7

Penodontitis geo 48624 | 22189
periodontitis terature 593 |33r
Overall number of unique elements | 22644

Oral canc dontitis geo

periodontitis literature

Figure 5.1 Construction of Venn diagram

5.4 Screening of modules and analysis of hub genes in PPI network

CytoHubba is a Cytoscape plugin that provides a set of algorithms for identifying
network hubs and important nodes in protein-protein interaction networks (PPIs).
The plugin allows users to perform several types of analyses, including identifying
topological centralities.

Hub genes identification was performed by cytoHubba based on 12 algorithms for

up-regulated and down-regulated gene network separately (figure 6), (figure 7),
which are Maximal Clique Centrality (MCC), Degree, Maximum Neighborhood
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Component (MNC), Edge Percolated Component (EPC), Density of Maximum

Neighborhood Component (DMNC), Bottleneck, EcCentricity, Closeness, Radiality,

Stress, Betweenness, Clustering Coefficient (CC). The up-regulated gene network

was analysed for the hub genes with node degree as parameter. From the network
the hub genes identified were as SOS1, TNF, PPARA, MET, VEGFA, SP1, MMP2,
APP, COL1A1, and IL2. The Gene Ontology (GO) annotations and pathways of

these genes were analysed. These hub genes are mainly involved in transmembrane

transport in Biological process (BP), plasma membrane in Cellular component (CC),

transmembrane transporter activity in Molecular function (MF), Transport of small

molecules in Reactome pathway (Pathway).

Figure 5.13 Network hub genes identification performed by cytoHubba reactome

based on 12 algorithms
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Figure 5.13 Identification of frequently occurring hub genes and their

corresponding gene symbols
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Figure 5.13 Top 10 hub genes identified through cytoscape analysis

After doing cytoscape reactome plugin analysis | was able to filter the genes that
are highly connected and has the highest degree as biomarkers for oral cancer. The
10 genes are SOS1,MMP2,IL2, TNF,MET,VEGFA,PPARA,SP1,APP,COL1ALl.

SOS1 GENE

The SOS1 gene, located on chromosome 2p22-p21, encodes for a guanine
nucleotide exchange factor (GEF) that plays a critical role in the RAS/MAPK
signaling pathway. This pathway is involved in cell proliferation, differentiation, and
survival, and dysregulation of the pathway has been implicated in the development
of various diseases, including cancer and inflammatory disorders such as
periodontitis. SOS1 expression was significantly upregulated in gingival tissues from
patients with periodontitis compared to healthy controls (Matsushita et al,2017).
SOS1 expression was significantly upregulated in oral cancer tissues compared to
normal tissues (Huang et al, 2016 ). A genetic variant in the SOS1 gene was
associated with an increased risk of oral cancer in a Chinese population (Xu et
al,2018).

IL2 GENE

The IL2 gene, located on chromosome 4g26-g27, encodes for interleukin-2 (IL-2),
a cytokine that plays a critical role in the immune response. IL-2 is produced by
activated T cells and stimulates the proliferation and differentiation of T cells and

natural killer cells, which are important in the defense against infections and
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tumors. Dysregulation of IL-2 production has been implicated in the pathogenesis of
various diseases, including periodontitis and oral cancer. IL-2 levels were
significantly increased in gingival crevicular fluid from patients with periodontitis
compared to healthy controls (Ding et al, 2016). A genetic variant in the IL2 gene
was associated with an increased risk of chronic periodontitis in a Thai population
(Lertpimonchai et al, 2018). IL-2 expression was significantly higher in oral cancer

tissues compared to normal tissues (Li et al, 2016).

MET GENE

The MET gene, also known as hepatocyte growth factor receptor (HGFR), is located
on chromosome 7g21-31 and encodes a transmembrane receptor tyrosinekinase
protein called MET. MET plays a crucial role in embryonic development, wound
healing, and tissue regeneration. It is involved in the regulation of cell growth,
proliferation, and survival, and has been associated with various diseases, including
periodontitis and oral cancer. MET gene expression is upregulated in periodontal
tissues of patients with periodontitis compared to healthy individuals (Han et
al,2016). Specific single nucleotide polymorphisms (SNPs) in the MET gene are
associated with periodontitis susceptibility and severity. This suggests that MET may
play a role in the pathogenesis of periodontitis (Jiao et al,2017). Activation of the
MET pathway promotes oral cancer cell proliferation, invasion,and metastasis.
Upregulation of MET expression and specific SNPs in the gene have been linked to
periodontitis susceptibility and severity, while high levels of MET expression are
associated with poor prognosis in oral cancer ( Yuan et al,2018).

VEGFA GENE

The VEGFA gene is located on chromosome 6p21.1 and encodes the vascular
endothelial growth factor A (VEGF-A), a protein that plays a crucial role in
angiogenesis, vasculogenesis, and vascular permeability. VEGF-A has also been
implicated in the pathogenesis of several diseases, including periodontitis and oral
cancer.VEGF-A levels are elevated in the gingival crevicular fluid (GCF) of patients
with periodontitis compared to healthy individuals (Sun et al,2016). VEGF-A is
involved in the regulation of osteoclastogenesis and bone resorption in periodontitis
(Wang et al,2020). Elevated VEGF-A levels in the GCF of patients
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with periodontitis suggest that VEGF-A may be involved in the inflammatory process
of the disease. In oral cancer, upregulated VEGF-A expression is associated with

poor prognosis and lymph node metastasis (Zhang et al,2019).

TNF GENE

The TNF gene, also known as TNF-alpha, is located on chromosome 6p21.3 and
encodes the proinflammatory cytokine tumor necrosis factor alpha (TNF-a). TNF-a
plays a crucial role in the immune response and has been implicated in the
pathogenesis of several diseases, including periodontitis and oral cancer. TNF-a
levels are elevated in the gingival crevicular fluid (GCF) and serum of patients with
periodontitis compared to healthy individuals (Li et al,2016).TNF-a -308G/A
polymorphism is associated with an increased risk of periodontitis in Chinese
populations (Zhou et al,2018). TNF-a levels are higher in the serum of patients with
oral cancer compared to healthy controls and that TNF-a may play a role in the
progression of oral cancer (Cao et al,2018). TNF-a -308G/A polymorphism is
associated with an increased risk of oral cancer in Chinese populations (Wang et al,
2021).

PPARA GENE

The peroxisome proliferator-activated receptor alpha (PPARA) gene is located on
chromosome 22g13.31 and encodes a nuclear receptor that plays a key role in lipid
metabolism and inflammation. PPARA is expressed in various tissues, including the
liver, heart, and intestine, and has been implicated in the pathogenesis of several
diseases, including periodontitis and oral cancer. PPARA expression was
significantly decreased in the gingival tissues of patients with periodontitis compared
to healthy individuals (Wang et al,2016). PPARA activation can attenuate the
inflammatory response in periodontal ligament cells (Liu et al,2020).PPARA
expression is decreased in oral cancer tissues compared to adjacent non-cancerous
tissues (Arunkumar et al,2016). PPARA activation can inhibit the proliferation and
migration of oral cancer cells in vitro and in vivo (Li et al,2020) PPARA expression
and the inhibitory effects of PPARA activation on the proliferation and migration of
oral cancer cells suggest that PPARA may play a tumor-suppressive role in oral

cancer.
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SP1 GENE

FOR SPI GENE The specificity protein 1 (SP1) gene is located on chromosome
12913.1 and encodes a transcription factor that plays a key role in regulating gene
expression, cell proliferation, and apoptosis. SP1 is expressed in various tissues,
including the oral mucosa, and has been implicated in the pathogenesis of several
diseases, including periodontitis and oral cancer.SP1 expression was significantly
increased in the gingival tissues of patients with chronic periodontitis compared to
healthy individuals (Kim et al,2016). SP1 activation can increase the expression of
pro-inflammatory cytokines in periodontal ligament cells (Kim et al,2019). SP1
expression is increased in oral cancer tissues compared to adjacent non- cancerous
tissues (Li et al,2017). SP1 inhibition can induce apoptosis and inhibit the
proliferation of oral cancer cells in vitro and in vivo (Li et al,2018).Increased SP1
expression and the inhibitory effects of SP1 inhibition on the proliferation and

survival of oral cancer cells suggest that SP1 may play a tumor-promoting role.

MMP2 GENE

The matrix metalloproteinase-2 (MMP2) gene is located on chromosome 16q13-
g21 and encodes a member of the matrix metalloproteinase family that plays a key
role in extracellular matrix remodeling. MMP2 is expressed in various tissues,
including the oral cavity, and has been implicated in the pathogenesis of several
diseases, including periodontitis and oral cancer.MMP2 inhibition can reduce the
expression of pro-inflammatory cytokines in periodontal ligament cells (Park et
al,2019). MMP2 expression is increased in oral cancer tissues compared to adjacent
non-cancerous tissues (Li et al,(2017).MMP2 plays a crucial role in the pathogenesis
of both periodontitis and oral cancer. Inhibition of MMP2 has been shown to reduce
the expression of pro-inflammatory cytokines in periodontal ligament cells, indicating

that targeting MMP2 may be a potential therapeuticstrategy for periodontitis.

APP GENE

The amyloid precursor protein (APP) gene encodes a transmembrane glycoprotein
that plays a role in neuronal development and synaptic function. However, abnormal
processing of APP can lead to the accumulation of amyloid-beta (AB) peptides,

which are implicated in the pathogenesis of Alzheimer's disease. Recent
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studies have also shown that APP may be involved in the pathogenesis of
periodontitis and oral cancer. The level of AB42, a neurotoxic form of AB, was
elevated in gingival crevicular fluid of patients with periodontitis compared to healthy
controls (Kim et al,2018). APP expression was significantly higher in oral squamous
cell carcinoma tissues compared to adjacent non-tumor tissues (Li et al,2020). APP
knockdown inhibited the proliferation and migration of oral cancer cells in vitro and
in vivo (Yang et al,2021) APP expression and AB42 levels in the gingival tissues of
patients with periodontitis suggest that abnormal processing of APP may contribute

to the inflammatory process of the disease.

COL1A1 GENE

COL1A1 gene encodes for the alpha 1 chain of type | collagen, the major component
of the extracellular matrix (ECM) of various tissues including bone and skin. It is
involved in the formation and maintenance of the periodontal ligament and alveolar
bone, which are essential for tooth support and function. The expression of COL1A1
has been found to be altered in periodontitis and oral cancer. COL1A1 expression
was significantly upregulated in oral squamous cell carcinoma (OSCC) tissues
compared to adjacent non-cancerous tissues (Zhu et al,2018). The role of COL1A1
in the regulation of the epithelial-mesenchymal transition (EMT) process, which is a
crucial step in cancer progression. It was found that COL1Al expression was
significantly higher in OSCC tissues with EMT compared to those without EMT. Also,
COL1A1 promoted EMT by activating the PI3K/Akt pathway (Zhang et al,2020).
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CHAPTER -6

SUMMARY AND CONCLUSIONS

6.1 Summary

The goal of this project was to investigate the molecular mechanisms underlying
the link between chronic periodontitis and oral cancer. To accomplish this, a
computational approach was employed using publicly available datasets from
GEOZ2R. The datasets included 12 samples each of oral cancer (healthy and
diseased) and periodontitis (healthy and diseased). The full table of genes was
downloaded and a Venn diagram was constructed using BioVenn to visualize and
compare gene lists. The Venn diagram revealed 56 genes that were common to
periodontitis literature genes, dataset genes of periodontitis and oral cancer.

Next, the Cytoscape software was used, along with the CytoHubba plugin, to
identify highly connected nodes, find bottleneck nodes, and detect densely
connected regions in the network. Using the Reactome plugin, pathway networks
were visualized and analyzed in a more interactive and customizable way. The top
10 highly expressed genes associated with oral cancer and periodontitis were
identified.To gain a deeper understanding of the molecular mechanisms underlying
the link between chronic periodontitis and oral cancer, literature evidence for each
gene was investigated using the PubChem database. This approach helped to

identify new targets for diagnosis and treatment.

The results of this study suggest that the identified genes may be involved in the
development and progression of both chronic periodontitis and oral cancer. The
insights gained from this study can provide valuable information to researchers
and healthcare professionals seeking to understand and treat these debilitating
diseases. The use of computational approaches in this study highlights the power

of these tools in providing novel insights into complex biological systems.
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6.2 Conclusion

In conclusion, the computational analysis on differential RNA
expression in periodontitis and oral cancer using the GEO database, GEO2R tool,
BioVenn and Cytoscape software allowed us to identify a set of potential biomarkers.
The hub genes identified from the network were
SOS1,MMP2,TNF,IL2,VEGFA,PPARA,SP1,APP,COL1A1,MET. These genes can
serve as potential targets for the development of diagnostic or therapeutic strategies
for oral cancer. Further experimental validation is needed to confirm the findings of

this in-silico analysis.
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