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Abstract

Background: Pancreatic cancer, also known as Pancreatic ductal adenocarcinoma (PDAC), is the deadliest cancer. CA19
-9 (carbohydrate antigen 19-9) is the only FDA-approved biomarker used in the diagnosis of PDAC. The majority of
PDAC death is due to late screening and invasiveness. As a result, it is still essential to discover novel biomarkers for the
early detection of PDAC.

Method: Two datasets (GSE16515, GSE211398) were chosen for the bioinformatics analysis. The limma and limma
voom packages were used to analyze the data for DEGs. The DAVID (Database for Annotation, Visualization, and
Integrated Discovery) database was used to undertake pathway analysis of the DEGs utilizing the Gene Ontology (GO)
and Kyoto Encyclopaedia of Genes and Genomes (KEGG) databases. The STRING database was used to identify the
protein-protein interaction (PPI) network. The Gene Expression Profiling Interactive Analysis (GEPIA) method was
applied to assess the differential expression of hub genes in PDAC patients.

Result: 871 DEGs were found to be present in total and DEGs enriched in cell adhesion, extracellular matrix
organization, cell migration, extracellular exosome, space, region, focal adhesion, integrin binding, pathways in cancer,
and PI3K-Akt signaling pathway. Among the DEGs, 17 hub genes were identified. MKI67, AURKA, CDK1, ANLN, KIF20A4,
RRM2, BUB1B, CCNA2, CCNB1, SDC1, LGALS3, and ITGB1 were found to be associated with carcinogenesis and could be
used as a diagnostic and therapeutic target in PDAC.

Conclusion: The findings imply that DEGs and hub genes are important in the pathogenesis of the disease, and they are
crucial in both the detection and treatment of PDAC.

Keywords: Pancreatic Cancer, Bioinformatics, Biomarker, DEG, Hub gene

Introduction

A mass of uncontrolled cell growth and division develops in the pancreas called pancreatic cancer, which is a glandular
organ located beneath the stomach. Cancer of the pancreas signs can be difficult to detect and is aggressive also called a
silent killer (Ryan, Hong, and Bardeesy, 2014). Pancreatic cancer is among the most common cancer-related diseases
with the poorest prognosis and the world's third cause of death (Rahib et al, 2014). The two main subtypes of
pancreatic cancer are exocrine pancreatic cancer, which includes adenocarcinoma, and neuroendocrine pancreatic
cancer (Melief, 2022). Pancreatic ductal adenocarcinoma (PDAC) accounts for 90% of all pancreatic malignancies (Kleeff
etal, 2016). The symptoms and prognosis of the various cancer forms under each category can differ.
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As per American cancer statistics, 64,050 new cases of pancreatic cancer would be diagnosed in 2023, with 50,550
mortalities in the USA (American Cancer Society, 2020). All major malignancies except pancreatic cancer have the
greatest fatality rate. The 5-year relative survival rate for all phases is 12%. The 5-year survival rate is only 44% for the
small fraction (15%) of patients with local illness (American Cancer Society, 2020). Also, in the UK new pancreatic cancer
patients were 10,452, and deaths from pancreatic cancer were 9,558 with a 5% survival according to the data of Cancer
Research UK (Cancer Research UK, 2019).

Indeed, one of the most difficult aspects of recognizing pancreatic cancer is its late appearance in clinical terms (Yang et
al., 2021). Pancreatic cancer is frequently advanced by the time it is diagnosed. According to one study, just 7% of
cancers of the pancreas are considered localized at the time of diagnosis (Kim and Ahuja, 2015) comparing this to other
cancers such as breast (61%), colon (40%), lung (16%), ovarian (19%), and prostate (91%) shows that it is remarkably
low (Jemal et al., 2009). The majority of aggressive cancers can be proficiently treated if discovered in their precancerous
stage, but late detection is more likely to result in considerable morbidity and even death. (Yadav et al., 2017). There are
now several potential biomarkers for pancreatic cancer collected from serum, tissue, bile, pancreatic juice, saliva, or
feces, but the majority have not been widely validated. As a result, there is an immediate need to investigate novel
biomarkers with the potential to have a clinically substantial impact on the screening of individuals with extremely
dangerous pancreatic cancer (Shibata et al., 2022).

Pancreatic cancer is characterized by genetic and epigenetic alterations (Hung et al., 2019). Using next generation
sequencing and computational biology we can trace the prognosis of pancreatic cancer and found that genetic mutation,
activation, or inactivation of genes, oncogenes, and suppression of tumor genes might involve in developing pancreatic
cancer. The most frequently altered genes known to impact the development and spread of pancreatic cancer are KRAS
(90%), TP53 (50-74%), CDKN2A (46-60%), and SMAD4 (31-38%) (Christenson, Jaffee and Azad, 2020; Wang et al,,
2021b). Activating oncogenic Kirsten rat sarcoma viral oncogene homolog (KRAS) alterations are found in nearly 90% of
pancreatic tumors of all classes (Shi et al,, 2022). GAT (aspartic acid; G12D), GTT (valine; G12V), and TGT (cysteine;
G12C) mutations are the most frequently detected oncogenic KRAS mutations related to pancreatic cancer in humans,
whereas CGT (arginine; G12R) and GCT (alanine; G12A) mutations, along with additional modifications at codons 11, 13,
61, or 146 are shown to be considerably more uncommon (Buscail, Bournet and Cordelier, 2020; Singh et al., 2021).

Histone modification is regulated by epigenetic regulatory genes such as MLL2/3, KDM6A, and numerous
HDAC-encoding genes (Wang et al,, 2021b; Zahra Sahafnejad, Shahin Ramazi and Abdollah Allahverdi, 2023). ARID2 and
SMARCA2/4 regulate chromatin remodeling (Bailey et al, 2016; Wang et al, 2021b). Also, epigenetic factors like
smoking, alcohol consumption, inadequate fluid, and fruit intake are risk factors for pancreatic cancer development
(Jimeno, 2006; Mimeault et al., 2005; Blackadar, 2016). Furthermore, the dysregulation of molecules in various cell
signaling pathways, including EGFR, Akt, NF-B, and others, as well as their molecular interaction, play essential roles in
pancreatic cancer molecular pathogenesis (Jimeno, 2006; Mimeault et al.,, 2005). The ancestral history of pancreatic
cancer has long been recognized as an elevated risk factor and a key indicator of disease threat. According to research,
roughly 5-10% of pancreatic cancer cases have a close relative who has pancreatic cancer (Hruban et al.,, 1998; Klein,
2012).

Tissue biopsy is regarded as the golden standard approach for the diagnosis of cancer, but it is invasive, painful, and
done at a late stage (Kendall et al, 2003). Biomarkers are most effective, non-invasive, and can be used for early
diagnosis (Messadi, 2013; Ott, Ullrich, and Miller, 2009). Biomarkers are biological markers found in tissues, serum,
blood, etc. Biomarker testing is an easy, accurate, and non-invasive technique used for diagnosis. It is popular for cancer
diagnosis, and it is an essential component of precision medicine. The U.S. Food and Drug Administration (FDA) only
granted approval to the carbohydrate antigen 19-9 (CA19-9) as a serum biomarker (Yang et al., 2021); however, because
of its poor sensitivity as well as poor specificity, it cannot be used in clinical practice to make a diagnosis (Xing et al,,
2018). As a result, some investigations are currently concentrating on the detection of CA19-9 in conjunction with other
tumor markers (Gu et al, 2015). At present, no biomarkers, or components of markers with appropriate diagnostic
precision for the early detection of pancreatic cancer have been granted approval (Yang et al.,, 2021).

Treatment for pancreatic cancer has various limitations, including chemotherapeutic and resistance to drugs, changes in
the metabolism of drugs, and decreased apoptosis (Binenbaum, Na’ara, and Gil, 2015). As a result, numerous researchers
are now working on novel approaches for pancreatic cancer treatment, such as the use of nanotechnologies (Von Hoff et
al,, 2013), approaches targeting tumor metabolism (Blum and Kloog, 2014), immunotherapy (Riquelme, Maitra and
McAllister, 2018), therapy with stem cells, stroma strategies (Eltawil, Renfrew and Molinari, 2012), signaling pathway
tactics, and microorganism-derived chemotherapy.
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In that work, the main focus is on the importance of potential biomarkers as a therapeutic target in pancreatic cancer. To
further our understanding of the molecular underpinnings of pancreatic cancer and development, 871 DEGs and 17 hub
genes were discovered using bioinformatics analysis such as differentially expressed genes, Gene Ontology (GO), KEGG
pathways, Gene Set Enrichment Analysis (GSEA), hub-gene analysis and statistical analysis. According to the
bioinformatics and hub gene analysis, MKI67, AURKA, CDK1, ANLN, KIF20A, RRM2, BUB1B, CCNA2, CCNB1, SDC1,
LGALS3, and ITGB1 are possible biomarkers and therapeutic targets for pancreatic cancer.

Methods
Collecting and preprocessing data:

The pancreatic cancer datasets were found in the National Center of Biotechnology Information (NCBI) Gene Expression
Omnibus (GEO) database. The NCBI website address is ncbi.nlm.nih.gov. It has a large number of databases pertaining to
biotechnology, bioscience, and biomedicine, as well as numerous bioinformatics tools. The NCBI manages the GEO
database, which is used for gene expression profiling and RNA methylation profiling, and these data were obtained using
experimental microarray or RNA-Seq data.

GSE16515, expression profiling by array, and GSE211398, expression profiling by high throughput sequencing gene
expression datasets were found (Table 1) and retrieved from the GEO database using R Bioconductor package geoquery
(Davis and Meltzer, 2007) and utilized to detect differentially expressed genes between pancreatic cancer and
comparable normal pancreas tissue.

Table 1. The details of gene expression profiles datasets.

GSE16515 USA GPL570 Affymetrix Human | 36 16 Male: 34
Genome U133 Plus Female: 18
2.0 Array

GSE211398 USA GPL18573 [llumina nextseq | 16 12 Male: 14
500 (Homo sapiens) Female: 14

Preparing R for analysis:

In Rstudio (v 4.1.2) Bioconductor and CRAN packages (https://cran.rproject.org/web/packages/
available_packages_by_name.htm) such as limma, tidyverse, readxl, edger, dplyr, Biobase, arrayqualitymetrics,
pheatmap, ggplot2, ggrepel, readr, rcolorbrewer, maptools and to execute the analysis, various more useful tools for
plotting, data processing, and viewing was used (Wu et al,, 2021b; Ritchie et al., 2015). Voom outperforms existing
RNA-seq techniques in terms of performance (Law et al., 2014)

Identification of DEGs:

GSE16515: The R program was used to process, check platforms, annotation, and then analyze the files obtained from
GEO. The data in the files were also inspected for normalization the make standardized and transformed to a log2 scale.
A box plot was created to validate the normalization of the data. Clinical variables were examined, and techniques were
employed for assessing sample information. The sample information's row names were printed and compared to the
correlation matrix. A Principal component analysis (PCA) was built, then samples were assigned to groups and a design
matrix was created. The data was then analyzed for DEGs using statistical techniques. DEGs were screened with the ad-
justed P-value of<0.05 and log fold change of21 and log fold change of < 1 from the top table of significant over
expression genes.

GSE211398: The R limma voom was used to process the downloaded file from the NCBI GEO database. Limma is a
valuable library for analyzing microarray data, and voom is a limma package function that transforms RNA-Seq data for
usage with limma (Ritchie et al., 2015).

SVOA Medical Research

23


https://sciencevolks.com/medical-research/
https://cran.rproject.org/web/packages/available_packages_by_name.htm
https://cran.rproject.org/web/packages/available_packages_by_name.htm

A Transcriptomics Analysis for Potential Biomarker in Pancreatic Cancer

After setup, the file was preprocessed, normalized, filtered low expressed gene, then voom transformation and fit the
linear model to make a voom plot. Finally, find out DEGs with the adjusted P-value of < 0.05 and log fold change of 2 1 and
log fold change of < 1 from the top table of significant overexpression gene.

Statistical analyses were performed on each dataset. Common DEGs were identified using the same statistical approach
and excluded downregulation DE from the top table. DEGs were then visualized using Venn diagrams and were
constructed using a web tool (https://bioinformatics.psb.ugent.be/webtools/Venn/).

Functional analysis of DEGs:

DAVID (http://david.ncifc rf.gov, version 2021) is an online biological information database that integrates biological
data and analysis tools and provides a comprehensive set of functional annotation information of genes and proteins for
users to extract biological information (Plenary Presentations, 2021). DAVID was used to evaluate GO and KEGG
pathways for the DEGs. The Laboratory of Human Retrovirology and Immunoinformatic (LHRI) created DAVID, a free
public bioinformatics tool.

The DAVID Bioinformatics tools are all designed to offer a meaningful interpretation of enormous lists of genes acquired
from genomic research, such as microarray and proteomics studies (Sherman et al., 2022). The DAVID Bioinformatics
Resources is made up of the DAVID Knowledgebase, the DAVID Functional Annotation Tool, the DAVID Gene ID
Conversion Tool, the DAVID Gene Name Viewer, and the DAVID NIAID Pathogen Genome Browser. These five
incorporated internet-based functional annotation tool suites are also included.

DEGs biological roles were determined using GO and KEGG pathway enrichment studies from DAVID (Kanehisa and
Goto, 2000). The GO is a popular tool for functional annotation and enrichment analysis. GO is a large bioinformatics
endeavor that aims to standardize the way genes are represented by gene and gene product properties across every
species of organism. The three basic components of gene function are biological process (BP), molecular function (MF),
and cellular component (CC). KEGG 1is a database that collects a significant quantity of data on
molecular-level information, biological processes, and chemical compounds generated by high-throughput experimental
technology. The statistical significance level was chosen at p <0.05.

PPI network construction and hub gene identification:

STRING (http://strin g-db.org, version 11.5) was used to build the protein-protein interactions (PPI) network
(Szklarczyk et al., 2015), which incorporates both known and anticipated PPIs. A biological database and online resource
for protein-protein interactions, known as STRING. The STRING database incorporates information derived from a
variety of sources like data from experiments, computational prediction approaches, and publicly available text libraries
(Szklarczyk et al., 2019). When STRING is given a list of proteins as input, it can look for their neighbor interactors,
proteins that interact directly with the list of inputted proteins, and subsequently create a PPI network that includes all
of those proteins along with all of their connections. STRING also includes many analytic tools and files for additional
investigation that are integrated with Cytoscape.

PPI connections with combined scores greater than 0.4 were taken out and the PPI network was visualized in Cytoscape
version 3.9.1. Cytoscape is a platform that is open with numerous plugins that improve both visualization and network
evaluation capabilities (Shannon, 2003). Through Cytoscape, it is simple to get to a network's visual representation, and
many layers of information, such as extensive genome-wide experiments and function-based protein annotations, can be
made available for the interactome. MCODE found significant components of the PPI network. An MCODE score of 4 was
selected as the cutoff. The enrichment analysis plot was constructed using bioinformatics tools SRplot (http://
www.bioinformatics.com.cn/srplot)

Selection and analysis of hub genes:

Differential expression of hub genes in pancreatic cancer patients was assessed using Gene Expression Profiling
Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/), a newly developed interactive web server for analyzing the
RNA sequencing expression data of 9736 tumors and 8587 normal samples from the TCGA and gtex projects using a
standard processing pipeline (Tang et al., 2017; Shi et al,, 2022). Functions including patient survival analysis, similar
gene recognition, correlation analysis, and dimensionality reduction analysis are among the user-configurable features
offered by GEPIA.
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Other features include tumor vs normal variation in expression research, characterization according to cancer forms or
clinical stages, and patient survival analysis. The Kaplan-Meier method was used to assess the
relationship between hub genes and overall survival.

Cytohubba, a cytoscape plug-in, was used to choose the hub genes based on the number of interactions with other genes
in the PPI network (Chin et al.,, 2014). The evaluation and selection of hub genes involved the application of seven widely
used algorithms that are MCC, MNC, Degree, Closeness, Radiality, Stress, and EPC (Albert and Barabasi, 2002). The
accuracy of essential protein predictions from the yeast PPI network performs better with MCC (Chin et al,, 2014).

Statistical analysis

The relevant data in this study were analyzed utilizing GEPIA online tools and the rstudio (https:// www.R- project. Org)
programming language. In GEPIA, the box diagram was used to analyze the expression of associated genes, and
Kaplan-Meier survival analysis with a log-rank test was used to analyze overall survival and depict survival curves (Shi et
al,, 2022). A one-way analysis of variance was used to make comparisons between several groups. R uses various
thresholds and cutoffs to normalize, validate the expression levels, and filter low-expressed data to make the data
suitable for analysis. The statistical significance level was chosen at p-value < 0.05.

Result
Data analysis of the Datasets:

Data were normalized, checked, and filtered to remove low-expression data for both datasets. In GSE16515 data showed
a higher value needs to be log2 transformation. A summary function was used to view the distribution of the samples
values and it was above the range 0 to 16. So, log2 transformation was performed and then it goes beyond the value of
16. To understand the expression of the data box plot (Figure 1,2) was drawn. The correlations between the samples can
be visualized using hierarchical clustering. The correlation is calculated on a scale of 0 to 1 and visualized using a
heatmap (Figure 3). For analysis, the quality of the result MD plot, Q-Q plot (Figure 6), and histogram (Figure 7) was
created for each gene to aid in visualizing and quality-controlling the results. To display the DE analysis, a volcano plot
(Figure 4A) was built.
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Figure 1. Boxplot of GSE16515 before Normalized. Data shows skewness
and need to be normalized.
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Figure 3. Heatmap of GSE16515 on a scale of 0 to 1.
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Figure 4. Overexpression genes of A) GSE16515 B) GSE211398. In that Volcano plot blue
points denote genes that are overexpressed whereas black points are not overexpressed.
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Figure 6. For GSE16515, A) A mean difference (MD) plot, which is useful for DEGs analysis, represents
log2 fold change vs average log2 expression values. B) The moderated t-statistic quantile-quantile (Q-Q)
plot demonstrated the quality of the limma result, with points falling along a straight line. C) After fitting
a linear model, the following diagram is used to examine the mean-variance relationship of the expression
data. Each point represents a gene. D) After normalization, expression density is used to see the difference
between samples.
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Figure 7. A) Histogram of the GSE16515 gene to aid in visualizing and quality-controlling.
B) P value and P adjusted value distribution of GSE16515 samples.

In order to better understand the GSE213198 data, an MDS plot (Figure 8) was created to evaluate which samples were
most closely connected with every element. Multidimensional scaling (MDS) is a graphical depiction of distances or
differences between groups of items. MDS can be used to reduce the dimensions of high-dimensional data in addition to
representing differences as graph distances (Buja et al., 2008). Simply said, the basic goal of MDS is to maintain these
discrepancies in the decreased dimensionality. Voom was applied to log-CPM to obtain a mean-variance trend that
demonstrates considerable biological variance (Figure 9). A volcano plot (Figure 4B) was created to represent the
differential expression analysis.
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Figure 8. MDS plot was used to interpret each sample
dissimilarity. Sample with letter S denotes tumor and N
denotes normal.
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Identification of DEGs

Two gene expression datasets GSE16515 and GSE211398 were chosen for this study. GSE 16515 had 36 tumors and 16
normal pancreatic samples, and GSE211398 had 16 tumors and 12 normal pancreatic samples, as stated in Table 1.

Using the rstudio, 2682 and 4329 overexpression genes were identified from the dataset GSE16515 and GSE211398.
Among them, upregulation expression was 1971 and 2203 on the other hand downregulation expression was 711 and
2126 based on the significance level of adjusted p value less than 0.05 and log fold change 1 for upregulation and -1 for
downregulation. For further analysis upregulated genes were considered from the overexpression gene to determine the
most common differential gene expression (DEGs). In 1971 and 2203 DEGs there was some repeated gene in the
expression list and from there 871 common DEGs (Figure 10) were identified to do the analysis.

GSE1651

GSE211398

Figure 10. Venn Diagram of common DEGs of datasets.

KEGG and GO enrichment analyses of DEGs

DAVID was then utilized to undertake the GO and KEGG pathway analyses. DEGs were shown to be concentrated in cell
adhesion, extracellular matrix organization, cell migration, cell-cell adhesion, innate immune response,
integrin-mediated signaling pathway, collagen fibril organization, response to the virus, positive regulation of cell
migration, apoptotic process, glycolytic process, endodermal cell differentiation, cell adhesion mediated by integrin,
defense response to the virus, cell division, mitotic spindle organization, collagen catabolic process, cell-matrix adhesion,
skeletal system development, cell-cell signaling, canonical glycolysis for BP (Figure 11). CC (Figure 12) was mainly
enriched in extracellular exosome, space, region, cell surface, focal adhesion, extracellular matrix, basement membrane,
endoplasmic reticulum lumen, cornified envelope, apical plasma membrane vesicle, membrane raft, an anchored
component of the membrane, adherens junction, cell junction, collagen trimer, cell-cell junction, cytoskeleton, stress
fiber, lateral plasma membrane, integrin complex.
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Figure 11. Functional enrichment analysis of DEGs
for biological processes (BP).
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Figure 13. Functional enrichment analysis of DEGs for Molecular function (MF).

For MF (Figure 13), DEGs were shown to be enriched in integrin binding, extracellular matrix structural constituent,

collagen binding, cadherin binding,

extracellular matrix structural

constituent conferring tensile strength,

laminin-binding, actin binding, serine-type endopeptidase inhibitor activity, protease binding, virus receptor activity.

According to the KEGG pathway (Figure 14) analysis, the DEGs were connected with Pathways in cancer, Leukocyte
transendothelial migration, PI3K-Akt signaling pathway ECM-receptor interaction, Focal adhesion, PI3K-Akt signaling

pathway, Phagosome, p53 signaling pathway, Salmonella infection.
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Figure 14. KEGG pathways of DEGs.

PPI network construction and Hub gene selection

STRING was used to assess the relationship and evaluation of interactions between pathways, and for better
understanding, the PPI network was built. The PPI network of DEGs had 868 nodes and 8068 interactions were
constructed to find gene interactions, as shown in (Figure 15). The network exhibited substantially more interaction
than expected, given the expected Edges were 3392. This denotes those genes have potential links for the progression of
the pathogenesis. PPI enrichment P value was 1.0e-16. A low p-value for PPI enrichment indicates that the nodes are not
random and that the number of edges detected is significant. The top 20 hub genes were determined using the seven
algorithms (MCC, MNC, Degree, Closeness, Radiality, Stress, and EPC) of the cytohubba plug-in (Figure 16). Cytoscape
was used to establish the most critical module from the PPI network. After determining the intersection of the top hub
genes from the seven analyses, 17 hub genes were discovered (Figure 17) and survival analysis was performed. Those
genes functional roles are shown in Table 2.

Figure 15. The PPI network of DEGs
constructed using the STRING database.
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Figure 16. Hub gene identified by seven different algorithms.
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According to GO analysis, the genes were primarily involved in the G2/M transition of the mitotic cell cycle, cell division,
cyclin B1-CDK1 complex, midbody, cyclin-dependent protein kinase holoenzyme complex, protein kinase binding,
Cellular senescence, and ATP binding. The KEGG pathway analysis found that Progesterone-mediated oocyte maturation,
Cell cycle, p53 signaling pathway, and Cellular senescence.

\

Figure 17. Hub genes identified using the co-expression analysis.

Table 2. Functional roles of 17 hub genes.

Gene Symbol Full Name Function
ACTB Actin beta Six distinct actin proteins are encoded by this gene.
Actins comprise highly stable proteins which are essen-

tial for cell motility, structure, integrity, and intercellu-

GAPDH Glyceraldehyde-3-phosphate | GAPDH is essential for glycolysis and nuclear functions,
dehydrogenase organization and assembly of the cytoskeleton, RNA

transport, DNA replication, and apoptosis.
FN1 Fibronectin 1 FN1 plays a role in cell adhesion, motility, opsonization,
MKI67 Marker of proliferation Ki-67 | MKI67 is required for the formation of a steric and elec-

trostatic charge barrier, which inhibits chromosomes

from collapsing into a single chromatin mass.
ITGB1 Integrin subunit beta 1 ITGB1 is essential for Cell adhesion, Host-virus interac-

MMP9 Matrix metallopeptidase 9 MMP9 is essential for bone osteoclastic resorption, Ex-
tracellular matrix proteolysis, leukocyte migration, and

Collagen degradation.
CDh4 CD4 molecule CD4 plays an important role in the immune system,

SDC1 Syndecan 1 The cytoskeletal structure, cell signaling, cell binding,
cell migration, and cell proliferation are all mediated by

the SDC1.
LGALS3 Galectin 3 LGALS3 is involved in differentiation, immunity, innate

immunity, mRNA processing, and mRNA splicing. The

results from The Human Protein Atlas show that gene

Table 2 continued on the next page...
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regulatory subunit M2

CCNB1 Cyclin B1 CCNBL1 is required for cell cycle regulation, mitosis, and
AURKA Aurora kinase A AURKA is important in microtubule formation, regula-
tion of the p53/TP53 pathway, mitosis regulation, and
tumor development and progression.
CDK1 Cyclin dependent kinase 1 | CDK1 is required for early embryonic development,
phosphorylation, and cytokinesis.
ANLN Anillin, actin binding pro- | ANLN is crucial for cell growth and migration and in
tein cytokinesis.
KIF20A Kinesin family member 20A | KIF20A is involved in the molecular function of the mo-
tor protein.
RRM2 Ribonucleotide reductase | RRM2 plays an important role in DNA synthesis, Inhib-

its Wnt signaling.

BUB1B BUB1 mitotic checkpoint

serine/threonine kinase B

BUB1B is an essential component of the mitotic check-
point, controlling apoptosis, cell cycle, and spindle
checkpoint function. Many types of cancer have been
discovered to have impaired spindle checkpoint func-

tion.

CCNA2 Cyclin A2

CCNA2 promotes and binds with cyclin-dependent ki-
nase 2 and regulates both the G1/S and G2 /M transition
phases of the cell cycle.

Validation of hub genes expression

GEPIA analysis of the expression of these hub genes in PDAC and noncancerous samples demonstrated that the activity

of 12 hub genes was significantly greater in PDAC samples compared with noncancerous samples (Figure 18). The
overexpression of MKI67, AURKA, CDK1, ANLN, KIF20A, RRM2, BUB1B, CCNA2, CCNB1, SDC1, LGALS3, and ITGB1 was
associated with a poor prognosis for PDAC, according to our subsequent analysis using GEPIA (Figure 19). Despite this,

no statistically significant relationship was seen between ACTB, GAPDH, FN1, MMP9, and CD4 expression and prognosis

where the P value was less than 0.05. The results of this study emphasize the therapeutic and diagnostic potential of

these hub genes.
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Figure 18. The expression of 17 hub genes in PDAC and normal samples was studied using the GAPIA database.

In tumor patients, all hub genes were increased. Red signifies tumor tissue, and green indicates normal tissue.
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Figure 19. Analysis of the Kaplan-Meier survival curve. GEPIA was used to assess the overall survival of
seventeen hub genes expression in PDAC. The purple line represents genes with greater expression levels.
Genes with higher expression are related to poor overall survival (P < 0.05), while genes with lower
expression (Green) are associated with good survival.
Discussion

Two datasets were examined with the use of a programming language and other bioinformatics tools. To conduct the
investigation, data was imported from the NCBI GEO database and carefully manipulated. For the completion of the
investigation, various R packages and statistical approaches were applied. The study's main goal was to identify DEGs
from the dataset and establish potential biomarkers for pancreatic cancer. This analysis identified 871 DEGs with 17 hub
genes. These hub genes are the insect outcome of the results obtained using cytohubba. To assess the link between DEGs,
a PPI network was built, and several functional and pathway analyses were performed. A web-based platform that offers
association analysis, and survival analysis, and is supplemented with various cancer data was utilized to validate hub
genes.

All eukaryotic cells contain beta-actin (ACTB), a structural protein and a housekeeping gene with a large number of
functions including cell growth, cell division, embryonic development, wound healing, immunological response, and gene
expression. ACTB is upregulated in liver cancer tissues, correlated with melanoma, and renal cancer development,
unregulated in colorectal cancer, and over-expression is associated with gastric cancer (Guo et al., 2013). The actin
microfilament system and the cytoskeleton structure are known to influence tumor cell adhesion and movement, which
are critical in tumor growth and metastasis (Ben-Ze'ev, 1985). ACTB is upregulated in pancreatic carcinomas at both
RNA and protein levels but is not a reference gene.

Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) plays a significant role in converting glucose into energy. GAPDH
is a housekeeping gene that, in addition to glycolysis, is involved in a variety of cellular activities such as DNA repair and
apoptosis. According to certain research, GAPDH is unstable in some disease stages, including aging and cancer. High
GAPDH expression is associated with poor overall survival, especially brain lower-grade glioma and pancreatic cancer
(Shen, Li, and Wang, 2023).
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FN1 located 2q35 with 47 exons and participates in the processes of cell adhesion and migration during the process of
embryogenesis wound repair, coagulation of blood, defense in the host, and metastasis, in addition to cell proliferation
(Pankov, 2002; Zhang, Luo and Wu, 2022). Fibronectin (FN1) is also a significant element of the extracellular matrix of
the TME that is produced by both fibroblasts and tumor cells (Topalovski and Brekken, 2016). FN1 normally promotes
cell-ECM interactions and is required for the healing of wounds, growth, and tissue homeostasis (Cao et al., 2005). FN1 is
primarily expressed in the stroma of PDAC, according to immunohistochemical investigations, while it can also be seen in
neoplastic epithelial cells (Shimoyama et al., 1995; lacobuzio-Donahue et al.,, 2003) and thyroid cancer (Geng et al.,
2022). The main source of FN1 is cancer-associated fibroblasts, which drive tumor migration and invasion through FN1
synthesis (Attieh et al.,, 2017).

MKI67 is located on 10q26.2 with 15 exons and is involved in chromosomal segregation, cell cycle, cell proliferation, and
mitotic nuclear division control, molecular function involved in DNA, RNA, protein, and ATP binding. In general, MKI67
expression is seen only in growing cells ((Scholzen and Gerdes, 2000). Under typical circumstances, MKI67 exhibits
cortical nucleolar distribution during interphase and gets recruited into compacted chromosomes throughout mitosis
(Wu et al,, 2021). A growing number of research studies have shown that MKI67 is an indicator of tumor deterioration as
well as its level of expression is associated with poor prognosis and malignancy clinical features in a variety of cancers,
including breast cancer (Inari et al., 2017), bladder cancer (Tian et al, 2016), gastric cancer (Xiong et al., 2019),
hepatocellular carcinoma (Luo et al,, 2015), cervical cancer (NAKANO et al,, 2010), and glioma (Chen et al., 2015).

ITGB1 is a member of the integrin family that had a significant role in carcinogenesis and progression (Guo et al., 2019;
Shi et al,, 2021). The integrin family consists of at least 18 o subunits and 8 § subunits that can combine to generate 24
integrins with diverse distributions in tissues and overlapping ligand sensitivity. The beta-1 subfamily consists of 12
distinct integrin proteins that bind various extracellular matrix components, regulate external integrin binding, cell
cycle, phagocytosis, and influence cell adhesion or migration. ITGB1 has also been implicated in a range of processes,
including embryonic development (Kaitetzidou et al., 2019), and blood vessel development (Henning et al., 2021), as well
as tumor metastasis (32, 33) in pancreatic cancer (Ganguly et al., 2022), breast cancer (Das et al., 2023), lung cancer (Li
etal, 2021), and angiogenesis (Lu et al., 2018).

MMP9 plays a role in the destruction of extracellular matrix in normal physiological activities such as embryonic
development, reproduction, and tissue remodeling (Visse and Nagase, 2003), as well as in the maintenance of
Mitochondrial homeostasis (Wang et al, 2023) and the development of diseases such as arthritis and metastasis
(Waltera et al,, 2023). MMP9 is found in high concentrations in breast cancer, colorectal cancer, and other malignant
tumors.

CD4 is a gene that codes for proteins. This gene appears not only in T lymphocytes but also in B cells, macrophages,
granulocytes, and several areas of the brain. CD4 acts as an indicator of systemic inflammation and may be used to
predict the prognosis of gastric cancer (You et al.,, 2021). According to new research, the CD4 T cells work as a Swiss
army knife against tumors. They can disrupt the tumor vasculature by releasing cytokines, stimulate tumoricidal
macrophages, cause cellular senescence of cancer cells, and kill cancer cells if they express MHC II (Poncette, Bluhm, and
Blankenstein, 2022). They can also aid CD8 T cells in the regulatory phase.

SDC1 is a transmembrane heparan sulfate proteoglycan (HSPG) characterized by heparan sulfate (HS) covalent linkages
(Szatmari et al,, 2017). Syndecan-1 operates as a co-receptor for growth factors, chemokines, and cytokines, regulating a
wide range of processes within cells such as cell growth, odontogenesis, cell proliferation, calcium ion binding, cell
adhesion, and migration (Sherif Abdelaziz Ibrahim et al., 2017; Chen et al., 2019). Syndecan-1 is known as a cell-surface
proteoglycan; however, it is also found in the stroma. Serum levels of SDC1 rise dramatically during infection,
inflammation, and tissue injury, contributing to a variety of pathophysiological processes. It has been linked to cancers
such as breast cancer (D’Arcy et al., 2022), colorectal cancer (Li et al., 2022), and pancreatic cancer (Yablecovitch et al,,
2022) after being found in the nuclear compartment of several tumor types.

Galectins are a group of galactoside-binding proteins found in mammals that share extensively conserved carbohydrate
recognition domains (Barondes et al., 1994). LGALS3 (Galectin-3) is a well-studied galectin belonging to the galectin
family. Galectin-3 is the sole component of the chimera-type galectin subgroup, with one carbohydrate recognition
domains attached to a prolonged non-lectin N-terminal domain (Yang, Rabinovich and Liu, 2008).
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In addition to interacting with the calcium-dependent and phospholipid-binding protein synexin, LGALS3 also functions
as a critical component of cell survival, cell-matrix interaction, mrna splicing, and apoptosis regulation (Lima et al., 2023;
Newlaczyl and Yu, 2011). There is strong evidence that LGALS3 overexpression enhances neoplastic transformation
(Elad-Sfadia et al.,, 2004). Many types of tumor cells, including neuroendocrine tumor pheochromocytoma, ovarian,
melanoma, thyroid, and colorectal cancer cells, as well as follicular adenoma and papillary carcinoma, have increased
invasiveness and metastasis when galectin-3 is overexpressed (Liu and Rabinovich, 2005; Li, Pritchard and Yu, 2023).

CCNB1 (Cyclin B1) is a cyclin family member that functions as a crucial initiator and control agent in cellular division
(Shin et al,, 2012). CCNB1 regulates and complexes with CDK1 to enhance the transition from the G2 to the mitotic phase
of the cell cycle (Morgan, 1995). CCNB1 has been identified in a number of human cancers, including colorectal, breast,
and prostate cancer, according to growing data (Fang et al, 2014; Niméus-Malmstréom et al., 2010). By changing the
expression of G2/M cell cycle regulators, blocking CCNB1 causes cell cycle arrest in a variety of cell types. CCNB1 also
plays a role in cancer growth, migration, apoptosis, mitosis, chemoresistance, and metastasis (Song et al., 2007; Zhou et
al,, 2014; Aljohani et al.,, 2022; Fu et al., 2022).

CCNBI1 facilitates hepatocellular carcinoma development by regulating DNA replication during the cell cycle (Rong et al,,
2021). CCNB1 may also be a predictive biomarker according to studies (Zeng and Fan, 2022).

AURKA (Aurora kinase A) is found on 20q13.2 and contains 12 exons. This gene encodes a cell cycle-regulated kinase
that appears to be involved in the production and stabilization of microtubules at the spindle pole during chromosomal
segregation and is essential for proper pole formation. It is a cyclin whose activation is needed for the process of cell
division via mitotic regulation, as well as the regulation of signal transduction by p53 class mediators, and liver
regeneration (Janczyk et al., 2023). AURKA influences diabetes-related impairment of ischemia-mediated angiogenesis
and has been proposed as a potential therapeutic target for diabetic ischemic disorders (Bai et al., 2023). One of the
studies discovered that aurora kinase A is a key gene and might be targeted for liver adenocarcinoma diagnosis and
treatment (Dong et al., 2020; Xu et al., 2023). AURKA is a novel proto-oncogenic mitotic kinase that participates in the
genomic pathways behind the two most common phenotypic abnormalities in human cancer cells: aneuploidy and
centrosome aberrations (Zhang et al., 2010). Several studies have found that AURKA expression is higher in tumor cells
than in normal cells and has been associated with a poor prognosis in metastasis (Gritsko et al.,, 2003; Liao et al., 2018).

CDK1 interacts with numerous cyclins to govern the cell cycle by regulating the centrosome cycle, mitotic initiation,
G2-M transition, G1 advancement, and G1-S transition (Mori et al., 2015), it phosphorylates the protein p53 (Nantajit et
al,, 2010). By controlling the epithelial-mesenchymal transition, G2/M phase transition, and apoptosis, CDK1 acts as a
therapeutic target for adrenocortical cancer (Ren et al, 2022). Upregulation of CDK1 contributes to increased
Cancer-associated fibroblasts cell proliferation and resistance to medroxyprogesterone acetate, which promotes the
progression of benign tumors to malignancy (Omar et al,, 2022), and esophageal squamous cell carcinoma (Zhang et al,,
2021). It also increases the development of melanoma by interacting with Sox2 (Ravindran Menon et al,, 2018). CDK1
inhibition has been linked to effective breast cancer treatment outcomes, whether administered alone or in conjunction
with other medicines (Izadi et al., 2020).

ANLN is located in chromosome 7p14.2 and is a highly conserved protein involved in a range of cellular activities,
including fitting cleavage furrows together during division, particularly cytokinesis (Hickson and O’Farrell, 2008). ANLN
regulates the cell cycle's anaphase and telophase by interacting with myosin, rhoa, actin, and septins to aid in the
formation of cleavage furrows and influence cell polarity and motor capacity. ANLN acts as an oncogene in bladder
urothelial carcinoma by activating the JNK signaling pathway (Chen et al., 2022), and it also regulates the PI3K/mTOR
signaling pathway in oral cancer (Wang et al., 2021). ANLN is thought to be an early predictor of cancer diagnosis in
diseases such as bladder urothelial carcinoma (Zeng et al., 2017), colorectal cancer (Wang et al., 2016), pancreatic ductal
adenocarcinoma (Idichi et al.,, 2017), head and neck squamous cell carcinoma (Guo et al., 2021), and breast cancer
(Magnusson et al.,, 2016). ANLN knockdown inhibits hepatocellular carcinoma cell proliferation, migration, and invasion
(Lian et al,, 2018), and it is a predictive indicator of cancer immunity (Zhang et al., 2022).
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KIF20A belongs to the kinesin family of molecular motor proteins and is involved in cell mitosis, migration, and
intracellular transport (Sharp, Rogers, and Scholey, 2000; Verhey and Hammond, 2009). KIF20A controls microtubule
bundle growth, midbody separation, protein transport, and cytokinesis (Liang et al., 2022). Cell cycle, mitosis, and
responses to cytosolic calcium ion boost are all related to KIF20A (Ren et al., 2020). KIF20A is overexpressed in a wide
range of solid tumors. The KIF20A gene may play a role in renal cancer, and colorectal cancer as well as poor prognosis,
and survival rate (Liu et al., 2023). It enhanced drug resistance in a variety of malignancies (Duan, Huang, and Shi, 2016).
It also promotes the growth of fibrosarcoma via the PI3K-Akt signaling pathway (Jin et al., 2022) and castration-resistant
prostate cancer by autocrine activation of the androgen receptor (Copello and Burnstein, 2022).

RNR (Ribonucleotide reductase) is responsible for the de novo production of deoxyribonucleotide triphosphate (dNTP),
and so plays a crucial role in DNA synthesis and repair (Wu et al., 2022). Defective DNA replication is caused by aberrant
dNTP levels, resulting in instability in the genome (Kumar et al.,, 2010). RRM2 modulates the rate-limiting enzyme RNR's
cell cycle-dependent activity. RNR component expression levels have been examined in several types of malignancies,
leading to the discovery of RRM2 overexpression in cancer cells (Jin et al, 2020; Wang et al, 2020). RRM2
overexpression has also been linked to a lower chance of survival in cancer patients (Yang et al.,, 2019). RNR inhibitors,
in conjunction with chemotherapy, have been widely used in cancer treatment. RRM2 expression is significantly higher
in NF1-associated Malignant peripheral nerve sheath tumors (Chung et al., 2023).

BUB1B is a conserved multifunctional protein required for mitotic spindle checkpoint activity, validating mitosis
completion, and rectifying kinetochore-microtubule attachments (Williams, Roberts, and Gjoerup, 2007). BUB1B
inactivation has been shown to result in both the loss of the spindle checkpoint and severe chromosomal segregation
abnormalities (Klebig, Korinth and Meraldi, 2009). BUB1B has an oncogenic role and could be a promising prognostic
biomarker for renal cell carcinoma survival (Sekino et al., 2021). BUB1B accelerated the advancement of extrahepatic
cholangiocarcinoma via the JNK/c-Jun pathways, (Jiao et al,, 2021) which also play a leading role to the development of
psoriasis (Ding et al., 2022).

CCNA2 which has a full length of 7489 bp and is expressed in practically all organs in the human body, is found on human
chromosome 4q27 and had 8 exons (Li, Qian and Sun, 2019). CCNA2 is involved in the biological processes of DNA
replication regulation, cyclin-dependent protein serine/threonine kinase activity regulation, G2/M transition of mitotic
cell cycle DNA-templated, Ras protein signal transmission, and histone phosphorylation, according to GO analysis. KEGG
pathway study revealed the AMPK signaling pathway, Cellular senescence, Pathways in cancer, and Transcriptional
misregulation in cancer. Several investigations have recently found that CCNA2 may increase
cancer-aggressive behavior, recurrence, metastasis, and chemoresistance (Jiang et al, 2022; Mishra et al, 2023).
Overexpression of CCNA2 was found to be substantially related to poor outcomes in people with pancreatic cancer (Jiang
etal, 2020).

MKI67, AURKA, CDK1, ANLN, KIF20A, RRM2, BUB1B, CCNA2, CCNB1, SDC1, LGALS3, and ITGB1 were found promising
biomarkers for early diagnosis and therapy of pancreatic cancer in this study. The identified gene was validated using
GEPIA's gene expression level and survival analysis but without qRT-PCR or immunohistochemistry study. That is a
notable drawback to this study. Further research and other statistical approaches can be utilized to detect and heal
aggressive PDAC.

Conclusion

The findings point to some possible biomarkers and treatment options for pancreatic cancer. Several bioinformatics and
statistical methods were used to accomplish this research. The hub gene was discovered and validated in silico. MKI67,
AURKA, CDK1, ANLN, KIF20A, RRM2, BUB1B, CCNA2, CCNB1, SDC1, LGALS3, and ITGB1 may be promising predictive
biomarkers and therapeutic targets in PDAC treatment and diagnosis.
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