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Abstract
Oral cancer has plagued the majority of the world as one of the most prevalent cancers. The main reason
often highlighted is the high usage of tobacco, which has been reported to be the main cause of oral
cancer, and the lack of proper health and sexual h+ygiene. This often leads to HPV infection which has
been seen as one of the leading causes of oral cancer. Numerous reports have identi�ed the
dysregulation of genes as one of the major causes at play in the mechanisms of cancer. A detailed
investigation of the dysregulated gene expressions and the pathways shed some light on the mechanistic
properties behind cancer, which can potentially lead to a viable approach for biomarker identi�cation and
further research.

Introduction
Dysregulation of genes plays a signi�cant role in cancer. Cancers caused as a result of genetic
alterations are often the genesis of aberrant gene expression. Oral cancer, which is a subtype of head and
neck cancer, consists of 90% of the cases are oral squamous cell carcinoma. A study by Alexandra Iulia
Irimie et al (2017), provides a perspective of ncRNA and its derivatives. Another paper by Gibb et al
documents the �rst evaluation of the lncRNA expression pro�le for oral mucosa.

Despite the glaring evidence of dysregulated genes playing a critical role in the biological processes of
human diseases, very few efforts have been made to identify their association with the disease and
assess their prognostic values. In 2014, Steven B Cogill and Liangjiang Wang published an article
highlighting gene co-expression relational analysis for the identi�cation and annotation of long
noncoding RNAs (lncRNAs) and thus verifying their relation to the cancer disease. To achieve their goal,
they used the weighted gene co-expression network analysis (WGCNA) method, which yielded hub
lncRNA genes and enriched functional annotation terms within the modules. Recently another paper by
Shervin Alaei et al (2019), used similar network construction and module detection with the help of
WGCNA to identify novel key regulators in esophageal squamous cell carcinoma. They performed gene
ontology and pathway enrichment analysis. This proved to be bene�cial for estimating the biological
processes or pathways that the lncRNAs co-expressed.

In a review article by Claire Jean Quartier et al, in-silico methods involved in cancer research have been
highlighted. The article goes on to explain the importance of the TCGA database, and methods pertaining
to computational validation, classi�cation, and prediction using mathematical and statistical analysis.

Cancer recurrence is a major problem affecting patients who have been affected by the disease. In oral
cancer, the case is no different. Surgery has been the preferred treatment for both cases. Even with the
advancements in chemotherapy and radiotherapy, the treatment remains poor due to the local invasion
and metastasis, which leads to recurrence. With a rate of 30% survival rate of patients with recurring oral
cancer, the need to identify factors that may be able to identify the factors responsible for recurrence
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becomes crucial. This study aims at identifying biomarkers that would help improve the prognosis
prediction in speci�c types of oral cancer (M. Zhou et al, 2018; B. Wang et al, 2013).

In this project, we have focused our attention on the oral cancer subtype of gingivobuccal squamous cell
carcinoma (GBSCC), and �nding the genes being expressed in the subtype portraying carcinogenic
behavior. The reason for choosing this subtype alludes to the fact that GBSCC is often overlooked and
very little research has been done on it, even though due to tobacco abuse it is one of the most prevalent
subtypes of oral cancer, and is seen to affect humans in a much more severe manner. Therefore to gain a
better insight, the need to investigate the genes expressing carcinogenicity becomes a crucial step
forward in understanding the mechanism of the disease.

RNA-Seq is used to analyze the continuously changing cellular transcriptome. Speci�cally, RNA-Seq
facilitates the ability to look at alternative gene spliced transcripts, post-transcriptional modi�cations,
gene fusion, mutations/SNPs and changes in gene expression over time, or differences in gene
expression in different groups or treatments. Here we used RNA sequencing to �nd the expressed genes
in oral cancer data Altschulsets which we will be using to analyze the pathways of those expressed
genes.

Materials And Methods

Data Collection
The requisite �les, namely the FASTQ �les and the GTF �les, for the RNA seq data analysis were
downloaded from NCBI’s Gene Expression Omnibus (GEO).

The sequencing data deposited in the NCBI GEO under the accession number GSE101547, consisting of
gingivobuccal cancer tissues of 24 patients (Singh et al., 2017), were downloaded and stored in a
separate folder. The respective �les were extracted from their zip �les and the zip �les were kept as
backup.

Data Pre-Processing
The FASTQ �les were processed using a standard transcriptomic bioinformatics analysis pipeline, to
obtain dysregulated genes from the data. The dysregulated genes provided us with the opportunity to
further understand the relational nature of the genes with the disease. The raw sequence reads were
initially checked for quality using FASTQC.

Alignment
The reads were then aligned with the help of a splice-aware aligner HISAT2 (Kim et al., 2015) with the
hg38 reference genome. We were able to achieve a > 90% alignment rate for all the samples. Of the
53 million paired-end reads per sample, approximately, 50 million reads were aligned successfully to the
hg38 reference genome. Low and inconsistent reads were subsequently removed.
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Count data generation
For the generation of count data, we employed the use of the HTSeq-count tool (Anders et al., 2015)
which gave us the count data for the overlapping exons of each gene. To sort out the dysregulated genes
we used a GENCODE v37 GTF annotation �le, which helped us sort out all the genes present in the reads
and obtain a count data. Since the data provided with the data set lacked any information about the
strandness of the reads, neither was it considered in the paper by R.Singh et al, we also determined the
strandness of the raw reads, with the help of the Salmon quanti�cation tool (Patro et al., 2017), as it is an
important aspect when looking for count data.

Data Analysis
We were able to determine that the pair-ended raw reads were unstranded with the help of Salmon.
Finally, for differential gene expression data analysis, we used the DESeq2 tool (Love et al., 2014) and we
were able to report that the gingivobuccal cancer datasets yielded 32869 differentially expressed genes.
Wald Test was employed for statistical analysis which is a way to �nd out if the explanatory variable in a
model is signi�cant. “Signi�cant” means that they add something to the model; variables that add
nothing can be deleted without affecting the model in any meaningful way. Excluding the outliers, low
counts, and keeping an adjusted p-value threshold of < 0.001, we sorted out the dysregulated genes
based on our threshold value of < 0.0001 and obtained 1351 signi�cant dysregulated genes.

Dysregulation is explained as the involvement of the genes in the disruption of normal pathways. The
dysregulated genes provide us with an incentive to further explore the causality and their involvement in
the disease. A MA-plot for the Tumor vs Normal dysregulated genes were generated using the R-Studio as
shown in Fig. 1 below.

Gene annotation
The Ensembl IDs obtained after the analysis were converted to their respective o�cial gene names with
the help of ENSEMBL Gene ID to Gene Symbol Converter.

BLAST
For the purpose of comparison and also completing the list of genes devoid of gene names and identity,
proper annotations were required which were done and completed with the help of BLAST (Altschul et al.,
1990). We also checked for the virulence factors by analyzing the e values of the protein genes. The
positive and negative e values were checked and thus computed as a ratio of the positive and negative
samples e value.

Panther database data mining and Pathway analysis
The genes which we obtained after the RNASeq data analysis were sorted based on the gene names. The
common and exclusive protein genes were separated and made into two datasets and were analyzed in
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the Panther database sequentially. Keeping the default search parameters for all the datasets, the genes
were analyzed concerning their speci�c organism. The search results gave us the list of all the genes
which were documented in the Panther database. The genes which gave no hits to the pathways were
deleted. From the list we obtained, biological conditions and processes of the respective genes were
noted and made into another dataset. A �gure denoting all the pathways are shown in Fig. 2 below.

PANTHER database pathway analysis (Fig. 2) shows the prevalence of Nicotinic Acetylcholine Receptor
Signaling which is responsible for tumor growth and metastasis. Nicotine is a major component found in
tobacco, accompanied by other nitrosamines. These in a combined effort act to regulate the nAChRs on
nonneuronal cells. As a result of which metastasis, tumor growth, and chemoresistance come into play
through the regulation of various pathway functionality (Singh S et al., 2011).

To analyze the respective pathways, we decided on �xing criteria for the genes by which we were going to
sort out the virulent genes showing pathogenicity. The criteria we �xed for sorting the datasets were
genes that showed or gave a response to stress and stimulus.

miRNA enrichment analysis
From our data, we were able to obtain 60651 genes which we analyzed to be dysregulated. Further
�ltering the data we found out that 1351 genes were signi�cantly dysregulated based on their p-values.
Those sets of genes were selected and passed through the various databases like TargetScan (Grimson A
et al., 2007)and miRWalk (Sticht C et al., 2018). We were able to deduce the miRNA targets from the
genes. Those targets were then analyzed and associated with head and neck cancer data genes. We were
able to �nd out 5 miRNAs signi�cantly associated with the genes obtained from our dataset.

Results
From a data set of 24 samples of 12 normal and 12 tumor replicates, 60651 genes were analyzed.
Excluding the outliers and low counts, 32869 genes were considered for examination, which yielded 1351
dysregulated genes based on the adjusted p values. A histogram of the p-values was generated as shown
in Fig 3 below.

Data sorting according to exclusivity

The genes obtained after performing RNA sequencing for the cancer data sets were analyzed using the
Wald test to give us the signi�cant genes expressed in the bacteria. The criteria for which were based on
the in-vivo and control samples. After performing the Wald test, we received 1369 signi�cant genes.
These protein genes were then cross-checked for authenticity in BLAST and PANTHER databases. The
genes were separately analyzed using the Panther database and Wikigenes Pathway database for
pathway analysis. Upon completing our analysis we obtained 575 genes for head and neck cancer which
were documented for having signi�cant pathways. Out of which 45 genes showed response to stress as
we decided to follow up on genes showing stress conditions in the gene expression as they were
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susceptible to show carcinogenicity among which there were genes like BCL2L12, TYRP1, PAX9, CRNN,
KRT4. 

miRNA   enrichment data analysis

Table 1: miRNA-Gene correlation table found in oral squamous cell carcinoma.

The 5 miRNAs obtained after target identi�cation and analysis led us to a gene-miRNA correlation where
we were able to associate the genes involved in the head and neck cancer tissues. The 5 miRNAs and
their respective correlations are listed in the table above (Table 1).

Discussion
The dysregulated genes which were obtained after comparing the normal data set with the tumor data set
yielded data that can be used to further identify and explore the relational nature of the genes to the
disease. The dysregulated genes serve as an indication of the disruption of the normal genomic process.
This disruption can be traced back to the source of the disease at hand and thus can be further analyzed
and used as a biomarker or subsequent target for drug identi�cation. For identi�cation and analysis of
dysregulated genes, comparison between the expression in normal and affected tissues will con�rm the
involvement of those genes in the disease or the lack thereof. Another point of interest in our study was
the identi�cation of Nicotinic Acetylcholine Receptor Signaling which is responsible for tumor growth and
metastasis via the help of the PANTHER database. Thus, the dysregulated genes along with their
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subsequent cell signaling pathways will help us understand their relevance in tumor growth and
maintenance.

Conclusion
Differentially expressed genes that negatively regulate gene expression, have been associated with cell
invasiveness and cell dissemination, tumor recurrence, and metastasis. Thus a comparison between the
expression of the normal and affected tissues will con�rm the involvement of dysregulated genes in the
mechanism of disease or the lack thereof. Increasing evidence points towards the need explore the
possibilities of genome-scale expression of differentially expressed genes in cancer. It would also be
bene�cial to gain knowledge about their potential biological functions as information is severely lacking
in these sectors.

The recurrence of oral cancers is one of the most important aspects of the disease. Identifying factors
that affect the recurrence of these cancers to reduce postoperative recurrence is an emerging issue in the
clinic. Since these genes have been linked with the cause of recurrence, a detailed analysis might lead us
to the identi�cation of prognostic biomarkers related to the recurrence gains signi�cance of paramount
proportions.
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Figure 1

The dysregulation of genes portrayed in the form of a MA plot.
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Figure 2

PANTHER database pathway analysis shows the prevalence of Nicotinic Acetylcholine Receptor
Signaling which has a history in Tumor Growth and Metastasis
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Figure 3

p-values of the Tumor vs Normal genes


