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Abstract

Pancreatic ductal adenocarcinoma (PDAC) accounts for approximately 90% of pancreatic
cancer and is the fourth leading cause of death with a five-year survival rate of less than 10%.
Patients are asymptomatic until detection is observed at a metastatic stage, hence contributing
massively towards the high mortality rate. This study was conducted to explore PDAC and its
two main subtypes, the classical and basal-like subtype, in an in-depth level via bioinformatic
analysis. Bioinformatics is a computational approach to evaluate biological data by analysing
omics data including genomic expression and proteomic sequences. A workflow consisting of
programmes and web-tools was used to analyse PDAC RNA-sequence data. The sample sets
were grouped according to tumour, stage, and subtype. The workflow began with quality
control using FastQC and Trimmomatic. Alignment of sequencing files and counts were done
through HISAT2 and HTSeq. The main component of this workflow was differential gene
expression analysis to identify differentially expressed genes (DEGs), statistically significant
genes, per compared conditions. WGCNA was used for co-expression analysis to identify the
hub genes involved in regulating the biological network. Lastly, in-silico validation was done
by using available web tools to support the findings of this workflow. The identified tumour
genes included S100411, PKM, GPRC54, LAMC2 and ITGA2, which may represent as
universal biomarkers as sample extraction was performed from data generated from individuals
belonging to 8 different countries. KR713 and /L6 were identified in the advanced stage and
their role in cancer progression have been explored in this current study. The basal-like subtype
had CAV1, DCVLD?2 and TGFB2 genes that contribute to treatment resistance. The common
dysregulated genes in the basal-like subtype and advanced stage were analysed to evaluate the
link between subtype and stage which included WNT34, TP63, KRT13 and IGF2BP. Co-
expression analysis revealed hub genes for tumour (KIF44, SPAGS5, RRM?2 and AURKA),
basal-like subtype (BUBI, DEPDCI and KIF14) and classical-subtype (PTPRN and
CAMK?2B). Through a machine learning model, recall, precision and accuracy scores per
sample conditions for the DEGs were all above 94%. These potential biomarkers all have
significant roles in promoting cancer progression, aggression and resistance. Hence, these may
serve as a less invasive screening method for PDAC as DEGs were classified based on tissue
or blood (extracellular vesicle) biomarkers. However, further wet laboratory validation is

required for these biomarkers.
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Figure 4 | The SMAD4 and TGF-f signalling pathway with the presence of SI00A11. TGF-
B ligand binds to its transmembrane receptor. The mediated signals allow for the expression of
Protein kinase C alpha (PKCa) to promote the phosphorylation of SI100A11. Once
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Figure 6 | A flowchart summary of the workflow used in this study on publicly available RNA
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Figure 11| Graph showing the number of upregulated and downregulated DEGs (y-axis) for
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1. Introduction

1.1. Epidemiology of PDAC

Cancer is a disease that is responsible for the highest mortality rate with nearly 10 million
deaths in 2020 [1]. Cancer cells acquire unique capabilities that allow for the transformation to
a neoplastic growth state from the normalcy. These capabilities are crucial factors towards the
formation of malignant tumours. There are commonalties between the types of cancers,
however, each cancer has a distinctive form based on the type of organs and cells involved.
Cancer has been defined as an unregulated growth of cells with excessive division via
bypassing the checkpoints in the cell cycle [2]. The irregular functioning of cellular signalling
pathways contributes to a metastatic state. Pancreatic cancer (PC) is one of the most lethal
malignancies with an overall survival rate of less than 11% [3]. Metastatic patients have a 5-
year survival rate of less than 3% [4]. In 2019, approximately 450, 000 new cases were reported
and over 430, 000 deaths caused by PC alone, highlighting a close relationship between the
incidence and mortality rate [5]. According to the National Cancer Registry South Africa, there

was a 0.53% and 0.58% incidence rate in females and males, respectively [6].

There are various types of PC, however, pancreatic ductal adenocarcinoma (PDAC) accounts
for approximately 90% of pancreatic cancers [7]. PDAC is the fourth leading cause of death
with a five-year survival rate of less than 10% [7]. A vital factor towards a high mortality rate
is that patients are asymptomatic until detection at an advanced stage whereby distant

metastasis has taken place [8].
1.2. The pancreas

The pancreas is a multifunctional organ that contains two distinct cell populations, namely the
exocrine and endocrine cells. The exocrine portion, compromising of 85% of the pancreas,
secretes zymogens (digestive enzymes) to promote digestion and absorption in the
gastrointestinal tract. The endocrine portion, located in the Islet of Langerhans cells, secretes
insulin and glucagon into the bloodstream [9]. Acinar cells act as a functional unit of the
exocrine portion that holds various responsibilities including storage, regulation and the
production of enzymes via an increase in intercellular calcium [10]. However, acinar cells have
high degree of plasticity. During environmental stress, these cells undergo a process known as

acinar-to-ductal metaplasia (ADM). This process enables trans-differentiation of acinar cells



into epithelial-like cells, rendering them more susceptible to proto-oncogenic hits. This causes
mutations in proto-oncogenes such as KRAS and therefore leading towards the formation of

PDAC [11].
1.3. Molecular analysis of PDAC and its development

The exact cause of PC has yet to be clearly defined, however, the causative factors that promote
the development and complexity of this disease include environmental, dietary, metabolic,
genetic predisposition and epigenetic factors [12]. Additionally, a process known as epithelial
to mesenchymal transition (EMT) is seen microscopically in an early stage of PDAC. Fig. 1

shows the type of cells involved in the development of a pro-metastatic niche.

Figure 1 | A diagrammatic representation of PC metastasis. Steps 1 to 5 display the process towards
cancer cell dissemination which involves detachment of malignant epithelial cells from the membrane.
Following detachment, invasion of stroma and bloodstream occur (step 2-3). Step 4 shows
dissemination of cancer cells (DCC), subsequently leading to invasion of nearby organs. During this
process, there is a release of various pro-metastatic signals that promote an optimal environment to seed
cancer growth and clonal amplification of stromal cells (step 8-9). Picture taken from Thomas et al.,

2020 [4].

The development of PDAC has been shown to occur through a pattern of genetic lesions. These
lesions include signature cancer causing genes such as breast cancer gene 1/2 (BRCAI/2),
tumour protein p53 gene (7P53), Kirsten rat sarcoma viral oncogene homolog (KRAS), cyclin-

dependent kinase inhibitor 2A (CDKN24) and mothers against decapentaplegic homolog 4/



Deleted in Pancreatic Cancer-4 (SMAD4/DPC4) [13]. Mutations in these genes coincidentally
correlate to the stage of disease. It has been accepted that PDAC arises via a series of precursor
lesions called pancreatic intraepithelial neoplasia (PanINs) and intraductal papillary mucinous
neoplasms, showing that genetic mutations have a carcinogenic role when combined towards
the formation of PDAC. PanINs, the progenitors of PDAC, are abnormal ducts that are formed
through the activation or loss of function for certain genes. The level of PanINs depends on the
degree of cellular and nuclear atypia, as seen in Fig. 2 [14]. A normal duct displays low
cuboidal cells and a single cell layer. PanIN-1A consists of elongated cells and produce mucin
with an activation of KRAS whereas PanIN-1B show papillary architecture with no nuclear
atypia and loss of function for INK4A. PanIN-2 is characterized by low-grade dysplasia with
nuclear abnormalities with loss of function for 7P53 gene[13]. PanIN-3 has high-grade
dysplasia due to budding into the lumen and severe nuclear atypia. This linear progression leads
to the formation of PDAC with invasive growth and an increase in stromal heterogeneity [14].

During this formation, there is a continuous activation of KRAS and ERBB2/EGFR genes.

Figure 2 | A pattern of genetic lesions that promote the progression towards PDAC from PanIN-1A.
PanIN-3, a higher grade, consists of loss of function for genes that have tumour suppressor roles.
Collectively, the dysregulation causes significant increase in cell proliferation, migration and invasion.
The genes represented in green are activated throughout the progression process whereas the genes in

red display loss of function. Image taken from Bardeesy et al., 2002 [13].



1.4. Molecular genetics of PDAC
1.4.1. The KRAS signalling pathway

The main oncogenic driver for PDAC is known to be alterations in the KRAS gene as mutations
are observed in 90% of PDAC patients [15]. This mutation is seen in the earliest genetic
alterations as it is found in low grade PanINs. It is known to reprogram pancreatic cells into
duct-like structures that are capable of progression to an advanced state [16]. The KRAS gene
encodes for the K-Ras protein that activates the rat sarcoma viral oncogene family/mitogen-
activated protein kinase (RAS/MAPK) signalling pathway. The RAS family has a role in
mediating cell growth, differentiation and survival. RAS is a protein that belongs to the
guanosine triphosphatases (GTPases) family. It serves as a binary switch by controlling the
entry of signal transduction molecules and responsible for the activation and inactivation of
GDP [17]. The inactivation state is mediated by GTPase-activating proteins (GAPs) which
induces hydrolysis of guanosine diphosphate (GTP) to guanosine triphosphate (GDP). When
an appropriate stimulus is received, such as the binding of the epidermal growth factor (EGF),
there is a decrease in the strength of affinity in the KRAS/GDP complex. This allows for the
replacement of GDP to GTP which has a stronger affinity with KRAS due to high concentration
levels that cause a conformational change, subsequently activating KRAS [17]. This activation
causes pro-tumourigenic changes in the microenvironment due to the targeted pathways that
promote migration, cell survival, and proliferation of cancerous cells. These pathways include
RAF-MEK-ERK pathway, PI3K-AKT-mTOR pathway and RalGDS/p38MAPK [18]. The
mutations seen in KRAS prevent the interaction with GAPs which leaves KRAS bound to GTP.
This results in a constant activation state for the targeted signalling pathways. Despite being
shown to be the main cause of the development to pancreatic neoplasia, targeting KRAS
directly has not produced positive results at a clinical level and hence, deemed as undruggable
[18]. Therefore, the sequential tuning of the downstream pathways that contribute towards the
invasion, migration and proliferation of KRAS has been considered as a more targeted

approach.
1.4.2. PI3K/AKT signalling pathway

Approximately, 50% of PDAC patients display an activation in the Phosphatidylinositol 3-
kinase / protein kinase B (PI3K/AKT) signalling pathway that is linked to poor prognosis [19].
Upon binding with an appropriate ligand, such as epidermal growth factors or insulin-like

growth factors, the receptor tyrosine kinase recruits PI3K for the phosphorylation of the
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phosphatidylinositol. This results in the activation of AKT via the recruitment of
phosphatidylinositol to phosphorylate several effectors including AKT. These effectors have a
role in promoting translation, proliferation, cell survival and migration, as seen in Fig. 3. The
mutations in the pi3kca coding region that codes for p110a coding region for p85 contributes
to constant activation of the PI3K pathway. These mutations and elevated levels of AKTs are
observed in PDAC patients. Therefore, PI3K pathway has been suggested as a therapeutic
target for PDAC [19].

Figure 3 | A diagrammatic representation of the PI3K/AKT signalling pathway. In the presence of a
ligand, class 1 PI3Ks produce lipids that modulate multiple signalling pathways including protein
kinases and small GTPases. There are four class I isoforms of PI3Ks in a mammalian system (p110s),
consisting of a heterodimeric complex. Class 15 PI3K has three catalytic subunits, p110a, B and 6. Each
subunit is bound to a Src Homology 2 domain that has a p85 regulatory region. Of these three p110s,

p110a gene has a high mutational level when compared to B and 8, dominantly in different types of



cancers. Due to it being the main mutated isoform, p110a massively contributes to the hyperactivation
of class I/PI3K signalling pathway. Excessive activation of protein kinases and small GTPases results
in an increase in cellular growth, translation, proliferation, survival and migration. Image taken from

Baer et al., 2015 [19].

1.4.3. SMAD4 and TGF-f signalling pathway

The transforming growth factor B (TGF-B) has pleiotropic roles via the regulation of
physiological processes. SMAD4 protein is a modulator for the signalling pathway [20].
Genetic alterations have been observed in 60% PDAC patients with a deletion or mutation in
the SMAD4 gene which maps to chromosome 18q21. This pathway is initiated upon the
binding of TGF-B on its transmembrane receptor, causing phosphorylation of SMAD2/3 and
inducing a heterodimeric complex with SMAD4. The presence of SI00A11 protein further
promotes the formation of this complex [21]. Once formed, it is translocated into the nucleus
to activate its target genes, such as cyclin-dependent kinase inhibitor 1 (p21), for the regulation
of cell proliferation, cell cycle arrest, and apoptosis. Furthermore, phosphorylation of SI00A11
allows it to translocate into the nucleus to compete with Sp1/3 for the expression of p21, as
seenin Fig. 4[21]. In PDAC, the role of this pathway alters depending on the stage of disease.
In the early stage, the TGF-f/SMAD4 signalling pathway has a tumour suppressive role
whereby cell cycle arrest and apoptosis is dominant [22]. Once mutated, the signalling activity
has an impact on cancer development. Hence, the late stage of PDAC consists of high TGF-
B/SMADA4 signalling activity but with an inverse role. Here, the dysregulation of this pathway
causes stromal proliferation and EMT. This revealed that TGF-B/SMAD4 signalling pathway
has both growth-inhibitory and growth-promoting effects depending on the stage of PDAC
[22].



Figure 4 | The SMAD4 and TGF-f signalling pathway with the presence of S100A11. TGF-p ligand
binds to its transmembrane receptor. The mediated signals allow for the expression of Protein kinase C
alpha (PKCa) to promote the phosphorylation of SIO0A11. Once phosphorylated, SI00A11 translocate
into the nucleus to compete and release Sp1/3 from its complex. Free Sp1/3 induces the expression of
p21. Additionally, SI00A11 forms a complex with SMAD2/3 and SMADA4 to activate p21 expression
for cellular growth inhibition. Image taken from Zhang et al., 2021 [21].

1.5. PDAC subtypes

Molecular subtypes of a cancer serve as a guide in preclinical and clinical therapeutic
developments as it allows for an optimal prediction of patient response. The identification of
subtypes reduces the delay in response to treatment as well as cost due to unresponsive or
ineffective treatments. The subtypes are distinguished through molecular profiling and

histopathological analysis.

There are two main PDAC classifications, seen in Table 1, namely the classical subtype and
the basal-like subtype [23]. These subtypes have been defined based on malignant epithelial

cell gene expression profiles and have been linked to the treatment outcome [24].



According to Moffit ez al., 2015, the basal-like and classical are tumour specific subtypes that
correlate to the survival period [25]. This study included a large number of microarray data
consisting of both primary and metastatic PDAC tumours, Table 1, to assist in the classification
of subtype. The basal-like had a poor median survival rate of 11 months whereas the classical
subtype had a survival period of 19 months. Furthermore, for the one-year survival period,
basal-like subtype displayed a 44% and classical subtype had 70% survival rate. It had been
observed that there was high gene expression levels of laminin and keratins in the basal-like
subtype [25]. Interestingly, these gene expression levels observed in the basal-like PDAC
coincided with the expression levels observed in previously classified basal-like breast and
bladder cancer subtype. Additionally, there was an enrichment in genes linked with GATA6
which is known to aid in epithelial cell differentiation in the classical subtype (88.5%) when

compared to the basal-like (11.5%) [25].

Raphael et al., 2017 conducted multi-omics sequencing to understand the differences in gene
expression to conclude the class of subtype. The results showed different expression levels in
long noncoding (IncRNA) for the two, including cancer-associated genes (UCA I, HNF1A4-AS1,
NORAD/LINCO00657) [26]. Additionally, the IncRNA EVADR had an abundant expression
with a two-fold increase in the classical subtype and has a role in regulating the FOXA2
expression via the recruitment of SMAD2/3. DEANRI and IncRNA GATA6-AS1 also had a
two-fold increase in classical subtype. The classical subtype had a high copy number gains of
GATAG6 whereas loss of expression in the basal-like/squamous subtype was observed due to
high DNA methylation levels. This displays a selective pressure on the subtype of cancer.
Lastly, there were more mutations observed in the 7P53 region for the basal-like subtype [26].
Therefore, subtypes are distinguished by mRNA, miRNA and DNA methylation levels which

results in a classical or basal-like classification.

Table 1 | The molecular subtypes of PC based on Raphael and Moffit classification and

methodology analysis.

Reference Classification Source Methodology

Moffit Classical: high adhesion-

. : 61 metastatic Gene expression
[25] associated, ribosomal and PDAC tumours analysis and RNA
epithelial gene expression and 145 primary ’ sequencin
elevated GATAG6 expression PDAC tumours q &




46 pancreas and
Basal-like: high expression levels 88 adjacent
of laminins and keratins. normal samples

Basal-like: upregulation of TP53
mutations and micro- RNA and

; Genomic,
Raphael DNA methylation. 150 pancreatic transcriptomic and
[26] cancers proteomic
profiling.

Classical: High expression of RTK
and MTORC signalling

The severity of the basal-like subtype has been explored via single cell transcriptomic
sequencing analysis on epithelial cells of six different classical PDAC patients [27]. Stromal
heterogeneity contributes massively towards the difficulty in classifying the subtype. It has
been revealed that there are four cell clustered regions in the classical subtype, however, one
region displayed the phenotype of a basal-like subtype, indicating the level of widespread of
this aggressive subtype [27]. The presence of this intra-heterogeneity promotes inaccurate
classification due to the coexistence of these subtypes. Therefore, this current study aims to
understand the differences in the classical and basal-like subtype via RNA-sequencing by
analysing the differentially expressed genes based on the expression levels observed between
the subtypes. Each subtype will have unique sets of genetic alternations, exclusively displaying

the differences which may assist in correct classification and tailored treatment.
1.6. Stages of PDAC

The American Joint Committee on Cancer (AJCC) describes the cancer stage through the use
of tumour, node and distant metastasis (TNM) staging system. In stage I, the invasive mass is
approximately two cm (centimetres) in dimension, however, there is no signs of invasion of
lymph nodes. Stage II has a dimension of more than four cm, growth beyond the pancreas and
regional spread in the lymph nodes [28]. The lymph nodes play an important role in
advancement of cancer as they are found between the pancreas and duodenum. This close
proximity allows the nodes to be a common site for metastasis. Hence, in stage III, there is a
tumour involvement in the celiac, superior mesenteric and hepatic artery. Lastly, distant
metastasis occurs in stage IV whereby cancerous cells migrate to organs including the liver,
gastrointestinal tract and lungs. Patients are often diagnosed at a late stage due to being

asymptomatic. Late diagnosis is the leading factor for a high mortality rate in PDAC. As the



main organs are largely infected by cancerous cells, this creates an unresectable environment

[28].

A molecular analysis of cancer cells in different stages had shown a link between the stage and
genetic alterations which have roles in maintaining a malignant phenotype, promote invasion
and migration [4]. These alterations were often observed in tumour suppressor genes and
oncogenes, resulting in an invasive cancer. Via gene expression profiling, metastatic cancer
cells display far more gene alterations when compared to non-metastatic cells [4]. In PC, the
process from a primary tumour advancing to a metastatic stage is driven by the paracrine and
autocrine pathways that contribute towards colonizing distant tissues. The early stage is
dominated by the paracrine growth signal whereas the autocrine signals, including positive
growth factors, dominate the late stage [29]. As the paracrine signals dominate the early stage,
these cancer cell derived signals (7able 2) assist in the advancement to a metastatic stage. The
autocrine signals observed in the late stage have roles in chemoresistance, EMT and metastasis,

Table 2.

Table 2 | Cancer derived cells and signalling pathways that dominate the paracrine and
autocrine signals, its functions and involvement in PC metastasis.

Signalling pathway/protein Target Function

Paracrine signals [4].

Sonic hedgehog (Shh) Fibroblasts Myofibroblast proliferation

EMT, cancer-associated

Transforming growth factor f  Macrophages, T cells and fibroblasts (CAF) activation,

(TGF-B) fibroblasts : :
immune suppression
Matrix metalloproteinase 7 Stromal matrix Promote metastasis
. Role in proliferation and
Hyaluronic acid Cancer cells ol mnp
invasion
Colony stimulating factor 1 Macrophages Invasion
Liver pro-metastatic liver
Chemokine ligand Granulocytes niche and immune
suppression
Versican-Wnt/ § catenin Macrophages Metastatic growth
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Autocrine signals

Annexin A2/semaphorin 3D Blood vessels Promotes metastasis [30]
o Patelet derived growth Chemo-resistance and

Dual specificity phosphatase 28 factor A migration [31]

TGF-p Stromal fibroblasts EMT, CAFs, growth and

invasion [32]

1.7. Cancer therapy treatment and resistance

Systemic chemotherapy has been proposed to be a viable option as patients are diagnosed at an
advanced stage. Due to the late stage, surgical resection is not recommended as metastasis has

taken place. There are two main treatments namely, gemcitabine (GEM) and FOLFIRINOX.
1.7.1. Gemcitabine

Gemcitabine is often used in combination with other therapies, however, has a limited success
rate due to drug resistance. The pathway is initiated through the entry of GEM (2' ,2'-
difluorodeoxycytidine, dFdC, a nucleoside analogue) [33]. Via a nucleoside transporter, GEM
proceeds though the membrane for a two- step phosphorylation process [33]. A rate-limiting
enzyme known as deoxycytidinekinase (dCK) phosphorylates GEM to form a monophosphate
(dFdCMP). The second phosphorylation is involved in producing GEM diphosphate (dFdCDP)
and triphosphate (dFACTP). As an active form, dFdCTP is stochastically incorporated into the
DNA strand during replication and therefore hindering DNA synthesis due to the termination
of DNA chain elongation [34]. However, there is a high GEM intrinsic and extrinsic resistance
and leads to a response rate of less than 20% [34]. Many factors contribute towards resistance
including the amplification of the heterogenous stroma which promotes deamination of
dFdCMP into difluorodeoxyuridine. Difluorodeoxyuridine is not a nucleoside substrate
analogue and therefore undergoes degradation. Additionally, hypoxia-inducible factor-la
(HIF-1a)) promotes the EMT process that contributes towards reducing nucleoside transporters.
This prevents GEM from passing though the membrane and therefore targeted for degradation
[33].
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1.7.2. FOLFIRINOX

FOLFIRINOX (folinic acid/leucovorin, 5-fluorouracil, irinotecan, oxaliplatin) is a
chemotherapy regimen that used in metastatic and advanced PC. The chemotherapy agents
used in this regimen all contribute towards decreases the symptoms of PC and with a
significantly longer overall survival period and response rate. Once in a cell, a conversion of
fluorouracil (5-FU) to fluorodeoxyuridine monophosphate (FAUMP) occurs to produce a
complex with an enzyme, thymidylate synthase [35]. This complex inhibits the production of
deoxythymidine monophosphate which is vital for DNA synthesis and repair. Hence, a
reduction in this compound induces strand breakage and acts a pyrimidine analog by
incorporating a uracil instead of a thymine base. The severe damage caused by 5-FU
overwhelms the DNA repair machinery, leading to death in proliferating cells[35]. Leucovorin
enhances the toxicity of 5-FU and increasing the binding affinity to thymidylate synthase [36].
Irinotecan inhibits topoisomerase 1 which is involved in preventing the supercoiling of a DNA
strand , hence limiting DNA replication [37]. Lastly, oxaliplatin induces cross-link formation

which leads to a decrease in DNA replication and synthesis [38].

FOLFIRINOX has a higher survival period when compared to GEM (53.5:35.5 months),
however, FOLFIRINOX is a highly toxic drug combination that is only given to certain patients
with good health status [39].

1.7.3. CCL2/CCR2 inhibitor (PF04136309) + FOLFIRINOX combination

Monocyte chemoattractant protein-1 MCP-1 (CCL2) is a chemokine that is highly expressed
on monocytes as a respond to proinflammatory conditions. CCL2 binds to its receptor, CCR2
(a G-protein coupled receptor), which is expressed on multiple different types of cells including
natural killer cells [40]. Interestingly, CCL2 can be the causative factor for tumour growth by
regulating various signalling pathways involved in cell proliferation, migration and invasion.
Furthermore, high CCL2 expression has been associated to relapse and cancer progression to
a metastatic stage. Notable cancer causing signalling pathways would include the
phosphatidylinositol 3-kinase (PI3K)/AKT, mitogen-activated protein kinase (MAPK)/p38
and Janus kinase (JAK)/STAT3 [41]. Hence, CCL2/CCR2 inhibitor in combination with
FOLFIRINOX has shown a higher survival rate when compared to monotherapy (29% vs 19%)
[42].
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1.8. Transcriptomic analysis

Transcriptome analysis is the study of the transcriptome which consists of ribonucleic acid
(RNA) sequences that are obtained through high-throughput (HT) sequencing techniques. This
analysis is commonly used when comparing different sample conditions such as healthy versus
disease states. It is applied in diagnoses, personalized medicine, biomarker and drug discovery
[43]. RNA sequencing (RNA-Seq) is a ubiquitous tool that quantifies and determines the
sequence of an RNA sample through the use of next generation sequencing (NGS) methods in
order to understand the complexity and dynamic nature of the transcriptome. It is frequently
used for differential gene expression analysis via the quantification of the abundance level or
relative transcript level changes under different conditions [44]. When designing an
experiment, the number of biological and technical replicates, depth and breadth of sequencing
and coverage are to be considered. When compared to previous sequencing techniques, such
as Sanger sequencing and micro-array methods, RNA-Seq has a higher coverage, sensitivity
and resolution [43]. Transcriptomic analysis would include information regarding messenger
RNA (mRNA), long non-coding RNA (IncRNA) and small RNAs such as micro-RNA
(miRNA). The purification step will determine the type of RNA present in the sequencing step.

The selection of sequencing library depends on the biological experiment which is based on
the type of RNA isolation. The common types consist of poly-A tail selection and ribo-
depletion. Poly-A selection is used for gene expression profiling, alternative splicing and
detection of variants. This process is done by selectively removing the RNA strands that do not
contain the 3’ poly-adenylated tail [45]. This selection also removes precursor mRNAs and
promote the enrichment of mRNAs in the sample. Once the total RNA has been extracted, the
strands are denatured for a short period to allow for the preparation of magnetic beads. The
addition of poly-T oligos, 30 thymine bases, are covalently attached to the magnetic beads
which then bind to the poly-A tails of the strands. As the remaining types of RNAs do not
contain a poly-A tail, it is washed away. Via water heating, the magnetic beads are removed
from the purified mRNA strands [45]. Ribo-depletion (rRNA) removes the ribosomal RNAs
and allows for the enrichment of non-coding RNAs. This process includes the use of RNase
for the degradation of DNA-RNA heteroduplexes. This removes cytoplasmic and
mitochondrial rRNAs. rRNA depletion is used as eukaryotic cells contain an abundant level of
ribosomal RNA, >80%. Therefore, rRNA depletion is performed to ensure a higher coverage

of significant RNAs [45].
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An RNA-Seq workflow begins with sample preparation and library generation. This includes
RNA extraction from sample of interest, ploy-A tail and mRNA purification. Once purified,
the mRNA strands are fragmented, and reverse transcription is done to produce complementary
DNA (cDNA) strands. The cDNA is used for the preparation of adapter-ligated sequencing
libraries, corresponds to the extracted RNA transcripts, for clonal amplification. Following
parallel deep sequencing with an NGS platform, the raw read data is analysed using

computational tools to provide biological insights as seen in Fig. 5 [43].

Figure 5 | The methodological steps for an RNA-seq experiment. Analysis begins from extraction of
sample, purification, ligation, amplification and sequencing. Image taken from Sudhagar et al., 2018

[46].
1.9. Transcriptomics and PC Diagnosis

Although there has been significant progress in therapeutic options, the desired results have yet
to be achieved in terms of high survival and remission rates. A crucial factor towards an
increased survival rate is the correct diagnosis of cancer. Transcriptomic analysis has assisted
in PC research via different types of sequencing techniques. Single cell sequencing identified

the differences observed in the heterogeneity of the cellular compositions in primary and
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metastatic lesions from 10 PDAC patients [47]. Additionally, it defined the state of subtype

which is used to determine the prognosis of disease and clinical outcome.

Transcriptomic analysis of the heterogeneity in 17 PDAC patients revealed long-term and
short-term survival rates based on the gene expression levels calculated through computational
tools [48]. This was done via analysing the RNA expression levels using a microarray approach
to determine the clinical outcome of patients based on their response level to treatments. This
study used an endoscopic ultrasound—guided fine-needle aspiration method to include all
patients as well as fresh RNA samples directly from the source to reduce degraded or inefficient
sample usage. Affymetrix microchips was used and a principal component analysis was
performed to group the patients based on their expression profiles. This analysis utilized the
clinical data and linked it to the short-term or long-term survival rates [48]. This was followed
by heat maps to determine all of the differentially expressed genes between the short-term and
long-term survival patients. Gene ontology analysis revealed the biological roles of the
identified genes in cancer and how it contributes towards a short-term survival term.
Furthermore, transcriptomic analysis predicted individual patient drug sensitivity rates for
anticancer drugs [48]. This shows the important role that bioinformatic analysis can play in

personalized medicine.
1.10. Introduction to the present study

An in-silico approach is used to identify potential biomarkers for various comparison
conditions in PDAC. As in-house sequencing was not performed, the datasets used in this study
was downloaded from well-established databases. These databases contain sequencing
information from different research studies, allowing for a multi-purpose usage of the
sequencing data. Through the use of existing sequencing files, an RNA-sequence workflow
was created to identify potential biomarkers along with their in-silico validation. The
comparison conditions included PDAC versus normal, early versus late stage, cancer versus
treatment and lastly, classical subtype versus the basal-like subtype. The aforementioned
comparisons were done to predict potential biomarkers for early diagnosis and prognosis of

PDAC as well as treatment efficiency with high survival rates.
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2. Aim and objectives

2.1. Aim

The aim of this project was to analyse RNA-seq PDAC data by performing downstream
analysis. This was done with the use of bioinformatic tools for the identification of
differentially expressed genes that would represent potential biomarkers. This in silico

approach was performed with the following objectives:
2.2. Objectives

2.2.1. Obtain publicly available RNA sequence datasets for the comparison
conditions.

2.2.2. Pre-process and analyse the downloaded data using an RNA-Sequence
workflow with the following programmes:

a. Perform a quality control test using FastQC and Trimmomatic to assess
sequence quality, GC content quantification and removal of adapter and low-
quality sequences.

b. Alignment of sequencing reads to the human reference genome using the
bioinformatics tool HISAT2.

c. Generating count data via the bioinformatic tool HTSeq-count following
alignment.

d. Perform differential gene expression analysis using the R Bioconductor tool
DESeq2 to produce the differentially expressed genes for each comparison
condition.

e. Perform co-expression analysis using WGCNA, R Bioconductor tool, and
visualisation of network with Cytoscape.

f. Perform functional enrichment using the R Bioconductor tool Cluster-Profiler
for the identification of molecular pathways.

g. Produce Kaplan-Meier survival plots on the selected differentially expressed
genes, representing an in-silico validation step.

h. Validation of the signature genes in existing databases.

i. Evaluation of the signature genes in PDAC.
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3. Materials and Method

The project design for this study is seen in Fig. 6. The two datasets followed the workflow for

the identification of potential biomarkers relevant to compared conditions.

Dataset 1: PRINA802&887

START <----4 Dataset 2: NCBI 34534465 Potential
biomarkers
Python
FastQC - Trimmomatic — HISAT2 — HTSeq- Cour_lt
count Matrix
|
| R
- _ Cluster |__| Survival
DESeq WGENA Profiler analysis
| | In silico
. analysis |~
Machine | |Cytoscape
learmng Dataset 2

Figure 6 | A flowchart summary of the workflow used in this study on publicly available RNA sequence
files. The workflow began with quality control using FastQC and Trimmomatic. Alignment was done
through HISAT2 and a count matrix was produced from HTSeq-count. This matrix was analysed with
DESeq2, WGCNA and a machine learning approach. ClusterProfiler indicated the biological roles of
the significant genes and lastly, the workflow concluded with in-silico analysis steps to identify

potential biomarkers.

The workflow, presented in Fig. 6, consists of two main parts sectioned based on the
programming languages used. Python was utilized via the command line for simultaneous
analysis of each file which followed a sequential order that required manual checkpoints. The
script indicated the location of files, processed and produced an output. The end line for Python
was the generation of a raw count matrix with HTSeq2. The count matrix was analysed in R

Studio consisting of different packages including DESeq2, WGCNA and ClusterProfiler.
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3.1. Acquisition of RNA-Seq Data

There are several open-source databases that were formed to aid in bioinformatic research
including the European molecular biology laboratory (EMBL). The European Nucleotide
Archives (ENA) is a subdivision of EMBL that holds core publicly resource data such as
annotated DNA and RNA sequences obtained through HT sequencing techniques

(https://www.ebi.ac.uk/ena/browser/).

Dataset 1 were downloaded from ENA for different comparisons. Sequencing of single-end
RNA files for PDAC (n = 12) and normal adjacent (n = 12) samples were downloaded to predict
biomarkers that contribute towards the aggression and/or progression of cancer

(PRINA802887, https://www.ebi.ac.uk/ena/browser/view/PRINA802887).

The dataset 2 consisted of a larger sample number (n = 140 tumours and n = 39 normal) that
was obtained from the National Cancer Institute Genomic Data Commons (GDC) Data Portal.
GDC is a robust platform that provides users with web-based access to HT sequencing data
from cancer genomics studies including the Cancer Genome Atlas (TCGA). This platform
enables users to submit or download high performance data in either raw or pre-processed files

(counts) following alignment. The GDC database, accessible at https://portal.gdc.cancer.gov/,

has five navigation panels including a repository button which is used to filter the required data
of interest. The dataset study and supplementary material is accessible at

https://pubmed.ncbi.nlm.nih.gov/34534465/. The count datasets were downloaded and

evaluated for stage and subtype analysis in DESeq?2.
3.2. FASTQ file format

Datasets 1 was in a fastq file format. Each sample file has a ‘fa.gz’ extension. This represents
a FASTQ file format that has relevant information such as a unique identifier, sequence and
quality scores that is organized in four-line blocks [49]. A greater than character (>) designates
the beginning of a new sequence and contains an accession number/identifier. The sequence
identifier contains information about the sequencing procedure including the machine and
library design [49]. The actual sequence is shown on the second line containing letters that
correspond to a base call. The separator, also known as the place holder, is used for additional
comments associated with the sequencing reads. A plus sign is commonly used to retain the
four-line FASTQ structure. Lastly, the fourth line represents the quality scores for each base

call. These scores are reported using the Phred +33 encoded scale that are ASCII characters
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represented numerical quality scores. A FASTQ file is an output of next generation sequencing

techniques such as Illumina sequencing [49].

Dataset 2 files were not available in fastq file format, hence a count matrix (.cvs format) was
used. Quality control was not done for the sequencing files, however, as the samples were
submitted to The Cancer Genome Atlas (TCGA), a rigorous quality control criteria is followed
by TCGA. Sample files accepted by TCGA undergo quality control protocols to remove bad

sequencing files that may not accurately represent the base of a sequencing template [50].

3.3. Pre-processing of raw data: Quality control

3.3.1. FastQC

The FASTQ files undergo a quality control test to determine the quality of the sequences. This
vital step is performed prior to downstream analysis as poor sequencing files are removed to
avoid inconsistent results. FastQC dashboard is written in a combination of a command line
and Python. FastQC [51] (version 0.11.9), developed by Barbraham Bioinformatics, is
common tool used to analyse the quality of high throughput sequence data. FastQC outputs a
graphical representation of various modules such as the basic statistics, per base sequence
quality, per sequence quality scores, per base content, per base GC content, over representation
of sequence, K-mer content and adapter content [S1]. The per base sequence quality diagram
displays an overview of the quality scores across all bases [51]. Each position in read base pair
(bp) has a box and whisker plot to show the minimum, lower quartile, median, upper quartile
and the maximum values. The quality scores are seen on the Y-axis whereas the position in
read (bp) is placed on the X-axis. The graph itself has three colour coded regions which
corresponds to the Y-axis scores. A good base call will have a high score value which is placed
in the green region going towards the yellow region, as seen in Fig. 7a. A bad base call will
have a lower value in the red region [51]. It is expected to see a drop in base call as the cycle
progresses towards the end of the run. This represents the ‘phasing’, an incorrect removal of

the nucleotide blocker after imaging.
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Figure 7 | A graphical representation of a good per base quality and per sequence GC content graphs.
The example graphs show the expected FastQC quality control graphs. a) A good base per quality graph.
The box and whisker plots remain in the green region between 28-40 Phred quality scores. If the box
and whisker plots as in seen the red region, it would indicate bad quality scores. Therefore, incorrect
base calls were performed during sequencing. b) A good per sequence GC content graph. The bell-like

distribution peak is observed in the optimal range of 40% - 59% GC content. If the curve was shifted
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below 40% or above 60%, this would display a low coverage rate due to low clonal amplification during

sequencing. Image taken from [52].

The per base GC content is another important module as it determines the coverage rate. An
optimal GC content ranges between 40%-60% whereby a high value displays high thermal
stability and low GC content shows low thermal stability [51]. GC content above 60% is not
ideal as it is thermodynamically unfastened. This requires more energy to separate the strands
and therefore decreasing the clonal amplification and low coverage rate. Hence the percentage
of GC content is evaluated prior downstream analysis. Graphically, the X-axis has a mean GC
content (%) of values from 1-100. There are two bell-like distribution curves, the GC count per
read and a theoretical distribution. The bell peak is expected to be within the optimal GC
content range, Fig. 7b [51]. Sequencing files with bad base calls and per sequence GC content
was removed from downstream analysis. Simultaneous Fastq analysis for all files was done via
Python by downloading FastQC as a non-interactive mode

(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/INSTALL.txt) for the script. The

file location and output directories were specified and HyperText Markup Language (HTML)
reports were generated per file. The fastq files that produced a good per base quality graph and
GC content values were inputted into Trimmomatic for the detection and removal of low

quality reads and adapter sequences.
3.3.2. Trimmomatic

The adapter content determines the presence of adapter sequences that were used to ligate the
strands onto the flow cell. These sequences are not present in the human reference genome and
are removed to prevent low alignment rates due to the presence of unaligned reads. This
problem is circumvented through the use of a bioinformatic tool Trimmomatic [53] (version
0.39), a read trimming tool through the command line. Poor quality and technical sequences
(adapter sequences) affect the consistency of the results. Trimmomatic contains an additional
folder consisting of the adapter sequences present for both single-end and paired-end reads.
This adapter folder contains ‘TruSeq3-SE.fa’ files which indicates the type of adapter
sequences, single-end files (SE) [53]. It removes the adapter section by identifying the
universal adapter sequence present in the reads used in next generation sequencing (NGS) data.
Furthermore, it evaluates GC content, removes low quality leading and trailing reads. This
process is repeated until high quality reads are achieved [53]. Therefore, this package was used

in Python, via the command line, to analyse the fastq files and produce trimmed files with the
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extension of ‘.fastq.gz’. The ILLUMINACLIP step allowed for the cutting of the adapter
sequences and other Illumina specific bases. Following Trimmomatic, a read alignment step
was performed using HISAT2 for the alignment of the fastq reads to the human reference

genome using Python.
3.4. HISAT2: Read alignment

Hierarchical Indexing for Spliced Alignment of Transcripts (HISAT2) [54](version 2.2.1) is a
bioinformatic tool used to align DNA and RNA sequences to a reference genome. As RNA-
sequencing experiments are commonly based on patient data, a human reference genome is
considered. HISAT?2 is a fast and highly sensitive splice aligner that accounts for multi-exon
spanning reads and pseudogenes with a moderate random access memory (RAM) usage [55].
HISAT?2 is about 50 times faster than TopHat2 and marginally faster than STAR (consumes
high memory space) with the use of less memory due to the usage of local indices. Additionally,
HISAT2 has a sensitivity rate of 97.3% when compared to STAR (96.3%) and Tophat2
(79.05%). The precision rate of HISAT2 and STAR are 93.1% and 91.8%, respectively [54].

This rapid alignment of sequence is due to the implementation of a generalized compressed
suffix array, an extension of Burrows-Wheeler transform, and a Ferragina Manzini (FM) index
[55]. Additionally, to provide a higher alignment rate with greater coverage, HISAT2
incorporates both global and local indices. The global index spans across the entire genome
and 14.5 million small variants [56]. The local or small indices consists of 64,000 bps that
collectively makeup the three billion bases of the entire genome with overlapping regions of
1024 bps regions. For a local index, chromosome 1 would have bps from 1 to 56,000 with a
second index running from 55,000 to 111,000 bps, representing an overlapping boundary
between 55,000-56,000 bps. These multiple indices decrease the ambiguity of the read mapping

which allows for a unique alignment [55].

RNA-Seq reads contain large gaps due to the removal of intronic regions as the region
undergoes splicing. The cDNA will have low alignment rates due to the absence of these
regions as the reference genome contains both introns and exons. Additionally, exons are
relatively small in bps when compared to introns (< 200 bps :11,000 bps) hence a 100 bp read
may have more than one exon [57]. HISAT2 divides the exon spanning reads into three

categories, long-anchored reads (> 15 bps), intermediate-anchored reads (8-15 bps) and short-
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anchored reads (1-7 bps) [55]. The sizes of each category differ to allow for a relatively easy

alignment with unique mapping locations and reduce the number of unmapped reads.

As mentioned, HISAT2 requires a reference genome for indexing. The human reference
genome, hg38.fa, was downloaded from University of California Santa Cruz (UCSC) genome

browser, (https://hgdownload.soe.ucsc.edu/goldenPath/hg38/bigZips/). The reference genome

was assembled via Python using the ‘hisat2-build’ command into its eight genome “.ht2’ files.
Following QC, the fastq files and the genome file were used to produce a sequence

alignment/map format (SAM).

HISAT2 produced a summary statistics output on the command line. Each sample file
contained information about the overall alignment rate, total paired and unpaired rates.
Concurrently, a SAM tab-delimited human readable file is produced at the located output
folder. SAM files have a fixed format that is used for storing sequencing data following
alignment. A SAM file has two main sections, a header (@) and a section with the alignment
data itself. Each file contains 11 tab-delimited compulsory fields namely QNAME, FLAG,
RNAME, POS, MAPQ, CIGAR, RNEXT, PNEXT, TLEN, SEQ and QUAL [58]. The query
template name is stored under the QNAME. RNAME provides details with regards to which
chromosome the sequencing read was aligned too. POS gives the relative genomic coordinates
of the aligned first base to the chromosome. MAPQ and QUAL field contain information about
the sequence quality scores (Phred + 33 scale) and value of alignment. RNEXT and PNEXT
are used in paired-end experiments and has information about the positional relationship
between the first and second read pair. The flag field has the outcome of alignment encoded in
bit notation to reduce the size of the SAM file. The sequencing read is provided in the SEQ
field. Lastly, the CIGAR field contains the alignment itself given in a CIGAR string notation

that is relative to the reference genome [58].

The SAM files were converted into binary alignment/map (BAM) files, non-human readable
files, using SAMtools [59] (version 1.7). The BAM files were compressed versions of SAM
files that were used to produce sorted BAM and index BAM files with SAMtools that was
inputted into HTSeq for the generation of count matrix data. Additionally, the use of indexing
reduced the memory usage whereby the external table of indexes was used to navigate to unique

regions without loading the entire sequence [58].
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3.5. HTSeq count: Generating count data

BAM index and sorted files were further analysed to produce a count matrix. HTSeq [60]
(version 0.11.1) is a Python framework that has the ability to process the SAM/BAM files
following alignment. A core component of HTSeq is working with both genomic coordinates
and intervals. HTSeq count is used for differential gene expression analysis. Along with a
SAM/BAM file, it requires a gene transfer file (GTF) format. A GTF (GRCh38) file contains
gene models, genomic individual features, annotations and relative positions about the gene
structure. The GTF file was downloaded from NCBI

(https://www.ncbi.nlm.nih.gov/genome/guide/human/ ).

The use of HTSeq count allows for unambiguous mapping. Hence, reads mapped to a single
gene is considered whereas multiple mapping of reads or overlapping reads are discarded. This
is performed to avoid incorrect identification of differentially expressed genes. A user may set
a desired overlapping resolution mode from the three modes available namely, ‘union’,
‘intersection-strict’ and ‘intersection-nonempty’. The default and recommended mode ‘union’
was used. HTSeq overlayed the GTF file on the BAM files using the ‘htseq-count’ command
to identify the position of mapped reads. This generated a count matrix in a tab-delimited
format consisting of the first column containing all the ENSEMBL gene identification names
and the first row with the sample names along with numerical values to represent the number
of mapped reads [60]. The raw count matrix was inputted into R Studio DESeq?2 to identify the

differentially expressed genes per sample condition.
3.6. DESeq2: Differential gene expression (DE) analysis

The use of high-throughput count data often includes the analysis for the detection of
differentially expressed genes between comparison conditions. To determine the systemic
changes between the comparison conditions require quantification and statistical calculations
which can be conducted by the R Bioconductor package DESeq2 [61] (version 1.37.4). This
package conducts differential gene expression by testing through the use of a negative binomial
generalized linear models (GLM) and empirical Bayes technique for the shrinkage estimation

of log fold change (LFC) [61] .

Genes with low read counts display a strong variance of LFC estimation which is reduced
through the use of the empirical Bayes technique. The weakly expressed genes show a larger

difference than the strongly expressed genes which is a direct result of using data with low
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counts associated with high noise, representing a heteroskedastic data. This problem is
circumvented through the use of a stronger shrinkage LFC estimation towards a zero for genes
with low count values. Additionally, DESeq2 performs two rounds of GLM for an even spread

such that strong LFC estimates are not observed with genes that display weak expression [61].

DESeq?2 requires minimal input data including the count matrix (K) with a single row for each
gene (i = 1,..,n) and one column for each sample represented in j = 1,..,m. This produces a
count matrix, Kij, containing the number of reads that have been mapped to the human
reference genome [62]. The function ‘design’ serves as an indication of modelling or grouping
the samples in batches in order to measure the effect of condition with regards to the control
through the differences calculated. These functions are inputted in DESeq2 with the function
‘DESeqDataSetFromMatrix’. It is to be noted that DESeq?2 requires unnormalized integer data
obtained from an RNA-Seq experiment [62]. Additionally, the remaining main functions

include ‘DESeq’, ‘results’, ‘vst ‘and ‘plotPCA’ for this study.

The function ‘DESeq’ performs internal default analysis based on the negative binomial
distribution [61]. This includes the estimation of size factors, estimation of dispersion and
lastly, the negative binomial GLM fitting and Wald statistics, returning a table consisting of
baseMean, log2 fold changes (logoFC), P-values and p-adjusted values using the ‘results’
function [62].

The estimate size factor uses a median ratio factor. The estimation of dispersion for a
DESeqDataSet obtains dispersion estimates for the negative binomial distributed data
containing a ‘fit type’ argument. This shows the relationship between the mean and variance.
For each gene, the dispersion estimate is calculated, maximising the Cox Reid adjusted
likelihood to alleviate problems one may encounter such as bias, inconsistent or variance
estimates [62]. A trend line is captured which displays the dispersion mean relationship. This
is fitted to the maximum likelihood estimates which is followed by the final dispersion
parameter used for downstream analysis. Lastly, the Wald test for the GLM coefficients
determines the significance of coefficient in the negative binomial GLM by using the size
factor and dispersion estimate values for the calculation of the log> fold change and effect size

[63].

Once the dispersion has been estimated, the count value of every i is fitted into the GLM model

consisting of the following formula:
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Hij
As mentioned previously, Kj; represents the raw count matrix whereby i = gene and j = sample,
inputting two parameters (u; and a;). With the use of the fitted mean (u;) and a gene-specific
dispersion (a;) parameter, for every i, j is modelled using the negative binomial distribution

[62].

The mean consists of a normalization/size factor (s;) that is multiplied by the quantity (g;) in

the following equation:

Hif = Siqij

Following the fitting of model, a coefficient estimation is performed for each sample group

(the compared conditions seen below) and its standard errors with the equation:

log> (g4) = x;.Bi

The coefficients fi provides the logoFC for gene 7 for each j of the model matrix (x) [62]. The

logoFC value display the change in expression level for the sample set.

Following the GLM fitting and WALD statistics, the results were wrapped up using
varianceStabilizingTransformation (VST) for downstream methods such as the construction of
a principal component analysis (PCA) plot. The function ‘VST’ calculates the variance
stabilizing transformation from the fitted dispersion-mean relationship and perform a
normalization step to produce a more homoscedastic data [61]. This allows for a constant
variance and prevent random noise domination [62]. VST requires an object
(DESeqgDataSetFromMatrix’), blind and fit type. The function ‘blind” was set to “TRUE’ in

order to compare samples in an unbiased manner.

Additionally, DESeq2 has the ability for detecting outliers. An outlier would represent a gene
that has a count value in a single digit for all the samples excluding one sample that would have
a drastic change in digits and therefore considered an outlier. This is an important step to

remove genes with low counts and outliers to avoid inconsistent results that would have a
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negative impact on downstream analysis. The aim is to find both upregulated and
downregulated genes that are consistent across all samples. Hence, DESeq provides two
responses for the flagged genes [61]. If there is an outlier that is seen in less than six samples
of the same conditions, the gene is removed from all samples. However, a more favoured
approach is that if the outlier is present in more than seven samples, the count is trimmed to a

mean value of the gene [61].

DESeq?2 required an input data including the count matrix in a table format as seen in Fig. §,
along with a meta data file called ‘colData’ containing sample information with a group column
containing the compared character. The HTSeq count values were inputted and analysed

accordingly with the DESeq function.

Samples

Genes | Count values

Figure 8 | The format of a count matrix used in DESeq analysis. Columns consisted of sample numbers
whereas rows showed the gene name/number. The matrix contained count values of each gene per

sample.
The comparison conditions included the following:
Dataset 1:
1. Normal versus PDAC
Dataset 2:

1. Normal versus PDAC
2. Basal-like versus Classical subtypes

3. Early stage versus Late stage

A prefiltering step was performed whereby genes with count values of less than 10 were
discarded as it provides minimal to no information and contributes to the heteroskedasticity of
data [63]. A principal component analysis (PCA) plot was produced for each comparison

condition as it shows the clusters of the condition based on the similarity observed between
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them. The plot allowed for a graphical representation of outliers that were removed, through
sub-setting, in order to analyse samples that display unique clustering per condition. Following
sample clean-up, the sample conditions were compared accordingly. For each comparison, a
reference group was selected and the results function produced a statistical table including the
log2FC values. The log,FC values were ordered according to their values whereby a fold
change of more than 1 was represented as the upregulated differentially expressed genes
(DEGs), and fold change of less than -1 were the downregulated DEGs. Genes with logoFC of
0 were discarded as it displayed no change in gene expression level between the compared
conditions. Furthermore, the Benjamini-Hochberg (BH) adjusted P-values were used as it
reduces the false outcome rate [62]. The top significant genes with BH-adjusted P-values and
g-values of less than 0.05 was selected for further analyses to show a 95% confidence rate in

the selected DEGs. DESeq2 was performed in R-Studio (version 1.4.1717).
3.7. Machine learning

To determine the sensitivity and specificity of the selected DEGs that may be represented as
potential  biomarkers, an external database was to be used (Oncomine,
https://www.oncomine.com/) to serve as a validation step. However, the free version of
Oncomine was removed permanently, hence a machine learning approach was taken to

calculate the required values.

Each comparison condition had a set of significant DEGs. A machine learning approach was
performed for prediction accuracy in biomarker discovery. The following was done for each

compared condition in Python using the Scikit-learn [64]:
Pre-processing the data matrix for machine learning:

The DEGs obtained from DESeq?2 consisted of a data matrix with various columns including
the names of DEGs and count values. The count values for each of the DEGs from the initial
raw count data matrix were extracted and transposed. Transposing produced a table with the
first column as sample IDs, second column with DEG names (X, count values) and lastly, a
phenotype column (y). The phenotype column had two binary numbers corresponding to the
sample condition whereby tumour was assigned a ‘1’ and normal was assigned a ‘0’. This was

followed by merging the normal and tumour tables through the ‘concatenation’ function.

X = matrix with count values and sample IDs
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y = phenotype (0 and 1 values)
Random Forest Classifier

A Random Forest Classifier (RFC) is used for solving regression and classification problems.
It consists of a 3-step process including shuffle and split, training of model and testing the
trained model. This algorithm is a collection of trees whereby each tree is the ensemble
consisting of sample data extracted from a sub training set. It uses the average of the sub

samples to improve the prediction accuracy and to control an overfitting situation [65].

A training test is done by splitting and shuffling the rows in the data matrix. CLF ‘fit’(X_train,
y_train) is used for model training on the training set (70% of data) to build a forest tree. An
uppercase ‘X’ represents the matrix of count values for each DEG per sample ID whereas a

lowercase ‘y’ is the assigned binary numbers, also known as the classification label.

The next step involves ‘predict (X)* with the parameter X and return y, the predicted classes.
This is done to see how well the algorithm can predict the y phenotype for the X on the
untrained test data (30% of data) [66].

Once done, the recall, specificity score, accuracy score, F-1 score and precision score is
calculated with the y-tested and y-predicted values. Cross validation was done for each
comparison as each score was performed 5 times and an average with a standard deviation was

calculated.
Recall score

The recall score computes ability of the classifier to find all the positive samples (good value

= 1 and bad value = 0) and is calculated with the following equation:

tp
tp+ fn

tp = number of true positives
fn = number of false negatives

Precision score
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The precision score displays the ability of the classifier to correctly identify a sample such that

a negative sample may not be labelled as a positive, good value = 1 and bad value = 0.

tp
tp+ fp

tp = number of true positives
fp = number of false positives
F1/ balanced F-score

F1 score is a numerical average or harmonic mean of the recall score and the precision score

to give a value ranging from 0 (bad value) to 1 (good value). The score is calculated by:

) precision * recall
*

precision + recall

In a Random Forest Classifier, an external validation step is required. This displays how well
the trained system can predict a phenotype based on the count values in an independent
study/data matrix and therefore, dataset 1 was used as the external validation step with the same
DEG names. The ‘predict (X)’ with the parameter X consisted of the entire data matrix (100%)
for dataset 1 along with the y_test, representing the phenotype (cancer or normal). This showed
how well the algorithm can predict the correct phenotype based on the trend observed in the

trained data from dataset 2.

3.8. WGCNA: Co-expression analysis

Weighted Gene Co-expression Network Analysis (WGCNA) has a variety of usages including
construction of networks and detection of gene modules to identify the hub proteins within a
cluster that are expressed together [67]. WGCNA has been used in analysing big data from
different cancers, disorders and other mammalian organisms [67]. The authors of WGCNA had
recommended a sample size of at least 15 or more samples [68]. Hence, the applicable sample
set was dataset 2 count matrix as it consisted of 140 initial tumour samples. WGCNA is an

available R package (‘“WGCNA’ version 1.71).

WGCNA describes a correlation pattern amongst a sample set by identifying the clusters, also

known as modules, of highly correlated dysregulated genes in a sample set. This correlation
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network is performed through mathematical calculations. The network is produced based on
the correlation that could be described as an n by m matrix X = [x;] whereby the row
corresponds to the network nodes (i = 1, . ., n) and the columns (/ = 1, . ., m) represents the

sample measurements [67].

In RNA-Seq analysis, the first step consists of constructing a gene expression network on the
data produced by DE analysis as the identified differentially expressed genes are significant to
the compared conditions whereas genes with no significance or extensively low counts are
discarded. Once the DEGs were extracted from the original count matrix with the
corresponding count values for all samples, normalization was performed using variance
stabilizing transformation. The normalized matrix was then inputted in WGCNA analysis,
following transposing of matrix, for all compared conditions. An overview of a WCGNA

methodology used in RNA-Seq is shown in Fig. 9.

Figure 9 | A summary procedure for WGCNA. Following network production, modules are detected

and viewing is done using Cytoscape.

This analysis begins with a network construction which is done through the use of an adjacency
matrix (a;), an n by n matrix with binary numbers (0,1). a; represents the strength of the
network connection between nodes i and j. For the calculations of the adjacency matrix, a co-
expression similarity (s;) is done to show the value of correlation coefficient between the
nodes. Additionally, there are two types of thresholds available in the WGCNA package for
co-expression analysis. The threshold procedure consists of converting the similarity matrix

into a weighted or unweighted adjacency. A hard threshold or a discontinuous is used in
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constructing unweighted networks and use absolute values whereas a soft threshold supresses

low correlations in a soft manner to avoid loss of information in a weighted network [67].

A weighted network uses a soft threshold whereby the co-expression similarity is raised to a

power:
a;j= sy, B> 1

The scale independence plot contains information about the soft threshold (x-axis) and the scale
free topology model fit (R?, y-axis). The soft threshold (B) value is calculated by plotting a
log(p(k)) against log(k). K represents the level of connectivity and p(k) is the frequency
distribution. R?is the regression correlation value that is used for measuring the correlation of
highly connected genes to lowly connected genes [69]. Hence, the value lies between 0-1
whereby values closer to 1 will contain highly connected genes in the dataset, representing the
hub genes that regulates the entire biological network with low background noise [69]. The

recommended R? should be above 0.8 with the corresponding soft threshold value [69].

Following network construct and selection of threshold power, a module detection is performed
to define the interconnected clusters. The adjacency matrix is transformed into a topological
overlap matrix (TOM), a similarity measure [69]. TOM assigns genes to a high topology if

there is a common neighbourhood and is calculated by:

TOM;; represents the nodes between i and j which is defined by /; and k. [;; shows the number
of nodes that connect to both i and j whereas k; /k; is the node connectivity for i and j with
adjacency values of 0 < g;; > 1, respectively. However in WGCNA, a TOM dissimilarity matrix

is recommended to allow for distinctive gene modules [69]:
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The DistTOM;; is used to form a gene dendrogram containing various coloured clusters and

branches to show the highly connected genes [69].

The next step was to calculate a module eigengene of the expression matrix with the
corresponding modules identified in the DistTOM;;. Each module colour had a hub gene which
is considered as the representative of that module. The module itself contains sets of highly

co-expressed genes [69].

The last step included visualization of the biological network through R Cytoscape [70]
(version: 3.9.1) which required information produced by the scale independence plot, TOM
graph and eigengene. Visualization was done by using the function
‘exportNetworkToCytoscape’ that produced node and edge files. This created a biological

network whereby nodes represent gene names and a connective line to display the interaction.
3.9. ClusterProfiler: Functional enrichment process

ClusterProfiler is an R Bioconductor package used for analysing and visualizing functional
profiles by interpreting omics data. This package supports overexpression, gene set enrichment
and biological theme analysis and various annotated ontologies such as Gene Ontology (GO)
and Kyoto Encyclopaedia of Genes and Genomes (KEGG) pathways [71]. One of the useful
utilities provided are functions including compareCluster that is used for comparisons between
gene clusters. Furthermore, this package has the ability to explore both coding and non-coding
data with corresponding gene annotations [71]. ClusterProfiler [71] (version 4.5.1) was used in
this study for each comparison condition. It was used to classify the genes based on the cellular
component, molecular function, biological process and KEGG pathway analysis for all of the
upregulated DEGs per sample set which consisted of the output from DESeq2 for dataset 2.
The BH-adjusted P-value of less than 5% was considered to reduce the false outcome rate for

each GO and KEGG setting.

3.10. In-silico validation

3.10.1. Kaplan Meier Survival analysis

A survival curve is used to describe the relationship between the probability of survival with
gene expression levels against time, representing a mathematical model for survival data. A
Kaplan-Meier (KM) curve is produced by a KM plotter

(https://kmplot.com/analysis/index.php?p=service&cancer=pancancer_rnaseq). This plotter
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contains information about survival data for various cancers including PDAC [72]. KM curves
have visual representations of survival with a high or low gene expression at a respective time
intervals. The plot contains hazard ratios (HR) and P-values to show the significance of the
data for the selected genes. Furthermore, multiple genes can be constructed in one plot with
the overall mean expression values. This in-silico validation step is calculated using manually
curated clinical data. The top significant genes for each comparison condition had survival
curves to support or reject the findings following the selection of ‘pan-cancer’ option and PC
type on KM plotter [73]. This was done for each gene as well as a mean plot for the significant

KM genes.
3.10.2. Gene expression atlas

The gene expression atlas is a database that contains information regarding gene and protein
expression data for various species including Homo Sapiens that could be visualized

diagrammatically. It is an open-source database (https://www.ebi.ac.uk/gxa/home) that is

publicly available and created with curated sources [74]. This database has various options to
explore, including a query for a specific gene’s expression in diseases such as cancer. The
‘biological condition’ search bar is used to provide the type of disease and cell line. Hence, a
user can select the type of cell line, disease and organism. This produced a boxplot per

comparison condition with an expression value, transcripts per million (TPM), for each DEG.
3.10.3. GEPIA

Gene Expression Profiling Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/) is a
web-based tool that was created to manage data produced by large consortiums [75]. It contains
gene expression analysis for over 9000 tumour samples and 8000 normal samples. GEPIA
provides several interactive features such as box plotting, survival curves and correlation
analysis. The DEGs with high expression seen in the gene atlas database were used to produce

box expression plots for both PDAC and normal samples to aid as an additional validation step.

3.10.4. BBCancer

BBCancer (http://bbcancer.renlab.org/explore) is another expression atlas that is used for

blood-based screening for early diagnosis and for the development of new biomarkers [76].
Blood base screening includes different types of RNAs and extracellular vesicles (EVs) that
have been extracted from cancer patients. The available blood screening for PDAC was

expression abundance for EVs. EVs are produced by cancer cells that have a vital role in
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intercellular communication to promote cell growth and survival by delivering relevant
proteins and metabolites for cancer progression and metastasis [77]. DEGs with boxplots were

used in BBCancer for the corresponding value in PDAC.

3.10.5. GENT2
Gene Expression database of Normal and Tumor tissues 2 (GENT2)

(http://gent2.appex.kr/gent2/) is a platform for gene expression patterns for normal and tumour

tissue samples for different types of cancers. It provides prognostic data and log2FC for a gene
per cancer type, obtained via statistical analysis. This step was done to compare the value of

the log2FC for the DEGs found in this study and the GENT2 database.

3.10.6. Script information

Detailed scripts are available on GitHub (https://github.com/KhadijaSJ/MSc_codes).

4. Results

4.1. FastQC analysis

The FastQC file for each sample can be seen in Appendix B. Samples that did not produce a
satisfactory base call graph in the green/yellow regions were discarded to avoid the inclusion

of bad sequencing files in downstream analysis.

4.2. DESeq2 analysis

Following quality control, read alignment and count generations, the data matrix was inputted
into DESeq?2 for the identification of differentially expressed genes. The PCA plots (Fig. 10)

were made to remove outliers to prevent inconsistent results and evaluation of data samples.
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Figure 10 | A PCA for the RNA-sequence counts for each dataset. Dataset 1: N = non tumorous and P

= PDAC. a) prefilter PCA, P = 15 and N = 8, with outliers seen in region PCA1 < 0 and PCA2 < -20

and b) post filter PCA plot, P = 10 and A = 6. Dataset 2 (1): A = adjacent normal tissue (39) and P =

PDAC (140). Outliers in regions PCA2 >50 were removed. b) post filtering PCA plot, P =116 and N

=29. Dataset 2 (2) C = classical subtype and L = Basal-like subtype. Dataset 2 (3) E = early stage and

L = late stage. Plots produced by R-Studio DESeq2 Bioconductor package 3.13.
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Dataset 1 produced a good PCA plot following clean-up, however, the sample numbers had
reduced to an extent whereby co-expression analysis could not be performed. Dataset 2 was
downloaded in a count data matrix format, hence pre-processing and alignment had been
performed already and inputted for co-expression analysis due to a large sample set. Following
the visualisation of the PCA plots per sample condition, the number of upregulated and

downregulated DEGs were identified through DESeq?2, as seen in Fig. /1.
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Figure 11| Graph showing the number of upregulated and downregulated DEGs (y-axis) for each
dataset (x-axis). Green bars represent the upregulated genes whereas orange bars are the downregulated

genes. Dataset 2 produced no DEGs. Plot produced by Python Google collab.
4.2.1. Tumour versus normal DESeq analysis

Dataset 1 and 3 both contained PDAC and normal samples, and therefore a Venn diagram was
made to identify the common DEGs present in the two datasets (Fig. 12) . As the two datasets
were sequenced independently, the common identified DEGs may represent universal

biomarkers, irrespective of race, gender and ethnicity.
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Dataset?2

Dataset2
Dataset 1 Dataset 1

Figure 12 | Venn diagrams showing the common upregulated tumour DEGs observed in both dataset
1 and 3 for the same comparison condition. a) common upregulated DEGs (587) and b) common

downregulated DEGs (255). Diagram produced by Python Google collab.

The DEGs had a criteria of P values < 5%. A selection was performed again for the top 5% of
the significant DEGs. This provides a further 95% interval confidence rate in the selected
DEGs. The significant DEGs, seen in Fig. 13, were taken for downstream analysis. DESeq2
analysis was focused on the upregulated genes to understand how gene amplification
contributes to high protein expression levels and the roles in cell growth, proliferation and

metastasis.
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Figure 13 | The highly significant upregulated tumour DEGs observed dataset 1 and 2 for the
tumour samples and the corresponding logoFC. Plots was produced by R-Studio DESeq2
Bioconductor package 3.13.

Following the identification and selection of the DEGs, ClusterProfiler was used to determine
the enrichment classification for the cellular component, molecular function, biological
processes and lastly, KEGG pathways. This shows the link between the DEGs and its role in
the biological system. The graphs in Fig. /4 show the corresponding functions per counts (the

number of genes in a circle).
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Figure 14 | Enrichment for all of the upregulated significant common DEGs in the tumour sample
mapped against the gene ratio, displaying the percentage of DEGs in the given GO term. The gene ratio,
represented in dot size, shows the percentage of the total genes in the given set per GO term. The dot
colour shows the statistical significance of gene whereby red is highly significant and blue is significant.

a) An enrichGO classification for the cellular component profiles, b) An enrichGO molecular function,
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¢) An enrichGO biological process and d) An enrich KEGG functional process for the DEGs. Plots
produced by R ClusterProfiler version 4.5.1.

Kaplan- Meier survival curves were generated for all of the selected DEGs. This was performed
as the first in-silico validation step. Survival graphs with insignificant P-values were excluded
from downstream analysis, stated in Appendix B, Fig. 54. Additionally, DEGs with curves that
did not support the compared conditions were discarded. An average graph with supportive
curves and significant P-values is seen in Fig. /5. Based on this graph, the DEGs had a low

survival rate when upregulated with a highly significant P-value in the PDAC sample.
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Figure 15 | Average Kaplan-Meier survival curve for the common upregulated tumour DEGs,
following the removal of outliers and insignificant P-value graphs. Graph show the probability of
survival versus the time (months). HR serves as a measurement of the magnitude for the difference
between the two curves in each plot. HR shows the hazard reduction obtained by drug studies that is
compared to the hazard reduction for the control of the study. Logrank P value represents the average
P-value, showing the statistical significance. The black line shows the probability of survival with low
gene expression whereas the red line displays the probability of survival with high gene expression.
Individual DEG graphs can be seen in Appendix C. Graph produced by Kaplan-Meier plotter version
2022.08.23.

The Kaplan-Meier plots condensed the list of the DEGs. This was followed by the use of an
Expression Atlas map. The Gene Expression Atlas, a resource of EMBL-EBI
(https://www.ebi.ac.uk/), was made to visualise gene and protein expression levels in multiple
species. This open access database includes information about RNA expression levels in

biological systems for different types of diseases. Expression levels per gene can be observed
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in a map for a disease, in this case, PDAC. The DEGs with supportive survival curves were

used to produce an expression map, Fig. 16, representing the next in-silico validation step.

Figure 16 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated tumour DEGs with significant P-value survival curves. The expression level per
cell line is seen in transcripts per million (TPM) whereby the blue gradient shows the level of
expression. High expression is seen towards a dark shade and low expression with a light shade. There
was no expression level for : SOX11 and SLC16A3. Graph produced by Expression Atlas - EMBL-EBI
(https://www.ebi.ac.uk/gxa/home).

The DEGs with high expression levels in the map, Fig. 16, were used to produce expression
box plots in from the GEPIA cancer database, Fig. /7. This validation step shows the gene

expression level in a PDAC patient sample relative to the adjacent normal.
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Figure 17 | Box plots for genes with high TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 16) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).

Lastly, Table 3 shows the identified signature genes and its expression values in the
extracellular vesicles and the logoFC from different databases, BBCancer and GENT?2,
respectively. The expression values per gene show if an upregulation (positive value) or
downregulation (negative value) was observed. An upregulation in the extracellular vesicles
may indicate migration whereas the GENT2 log,FC values support the logo:FC output in this
study (Fig. 13).

Table 3 | The BBCancer and GENT2 expression values (TPM) for the selected tumour DEGs.

BBCancer GENT2
GENE

(Extracellular vesicles) Log:FC
GPRC5A -0.12 2.56
ITGA2 2.48 1.32
LAMB3 -0.12 1.87
LAMC2 -0.27 2.08
LEMDI1 - 0.66 1.35
PKM 2.36 1.07
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S100A11 3.67 1.29

4.2.2. Early versus late stage DESeq2 analysis

The tumour samples were divided based on the stage of diseases whereby stage I and I were
classified as the early stage and stage III and IV were classified as the late stage. DESeq2
analysed the count matrix to produce the upregulated 5% of DEGs with significant P-values

observed in the late stage of PDAC, Fig. 18.

Figure 18 | The common highly significant upregulated genes observed in the late stage of PDAC. The
genes are mapped with the corresponding log2FC. Plots was produced by R-Studio DESeq2
Bioconductor package 3.13.

ClusterProfiler was then used to determine the enrichment classification for the cellular
component, molecular function, biological processes and lastly, KEGG pathways. This shows
the link between the DEGs and its role in the biological system. The graphs in Fig. 19 show

the corresponding functions per counts (the number of genes in a circle).
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Figure 19 | Enrichment for all of the upregulated significant DEGs in the late stage of PDAC samples
mapped against the gene ratio, displaying the percentage of DEGs in the given GO term. The gene ratio,
represented in dot size, shows the percentage of the total genes in the given set per GO term. The dot
colour shows the statistical significance of gene whereby red is highly significant and blue is significant.
a) An enrichGO classification for the cellular component profiles, b) An enrichGO molecular function,
c¢) An enrichGO biological process and d) An enrich KEGG functional process for the DEGs. Plots
produced by R ClusterProfiler version 4.5.1.

Kaplan- Meier survival curves were generated for all of the selected DEGs. This was performed
for the late stage of PDAC. Survival graphs with insignificant P-values were excluded from
downstream analysis. Additionally, DEGs with curves that did not support the compared
conditions were discarded. An average graph with supportive curves and significant P-values
is seen in Fig. 20. Based on this graph, the DEGs had a much lower survival rate when

upregulated in the late stage with a highly significant P-value (0.00013).
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Figure 20 | Average Kaplan-Meier survival curve for the upregulated late stage DEGs, following the
removal of outliers and insignificant P-value graphs. Graph show the probability of survival versus the
time (months). HR serves as a measurement of the magnitude for the difference between the two curves
in each plot. HR shows the hazard reduction obtained by drug studies that is compared to the hazard
reduction for the control of the study. Logrank P value represents the average P-value, showing the
statistical significance. The black line shows the probability of survival with low gene expression
whereas the red line displays the probability of survival with high gene expression. Individual DEG
graphs can be seen in Appendix C. Graph produced by Kaplan-Meier plotter version 2022.08.23.
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Next, the Expression Atlas showed the levels per gene in a map for the DEGs in the late stage
of PDAC. The DEGs with supportive survival curves were used to produce an expression map,

Fig. 21.

Figure 21 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated late stage DEGs with significant P-value survival curves. The expression level per
cell line is seen in transcripts per million (TPM) whereby the blue gradient shows the level of
expression. High expression is seen towards a dark shade and low expression with a light shade. Graph

produced by Expression Atlas - EMBL-EBI (https://www.ebi.ac.uk/gxa/home).

The late stage DEGs with high expression levels in the map, Fig. 2/ were used to produce
expression box plots in from the GEPIA cancer database, Fig. 22. This validation step shows

the gene expression level in a PDAC patient sample relative to the adjacent normal.
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Figure 22 | Box plots for genes with high TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 21) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).

Table 4 shows the identified signature genes in the late stage and its expression values in the
extracellular vesicles and the logoFC from different databases, BBCancer and GENT?2,
respectively. An upregulation in the extracellular vesicles may indicate migration whereas the

GENT?2 log,FC values support the log2FC output in this study (Fig. 18).

Table 4 | The BBCancer and GENT2 expression values (TPM) for the selected late stage

DEGs.
BBCancer GENT2
GENE
(Extracellular vesicles) Log:FC
KRT13 -0.87 0.70
IL6 -1.18 -0.44
S100A7 - 0.47
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4.2.3. Classical subtype versus basal-like subtype

The last comparison of DESeq?2 involved the classical subtype versus the basal-like subtype.
The tumour samples were divided based on the subtype. This step allowed for an in-depth
analysis as to why the basal-like display resistance to treatment and observed in the metastatic
stage of disease. Once again, the top 5% of the significant DEGs were selected based on the P-

values. Fig. 23 show the genes with the corresponding log>FC values.

Figure 23 | The highly common significant upregulated genes observed in the basal-like subtype of
PDAC. The genes are mapped with the corresponding log2FC. Plots was produced by R-Studio DESeq2
Bioconductor package 3.13.

ClusterProfiler was used to determine the enrichment classification for the cellular component,
molecular function, biological processes and lastly, KEGG pathways. This shows the link
between the DEGs and its role in the biological system. The graphs in Fig. 24 show the

corresponding functions per counts (the number of genes in a circle).
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Figure 24 | Enrichment for all of the upregulated significant DEGs in the basal-like subtype of PDAC
samples mapped against the gene ratio, displaying the percentage of DEGs in the given GO term. The
gene ratio, represented in dot size, shows the percentage of the total genes in the given set per GO term.
The dot colour shows the statistical significance of gene whereby red is highly significant and blue is
significant. a) An enrichGO classification for the cellular component profiles, b) An enrichGO
molecular function, ¢) An enrichGO biological process and d) An enrich KEGG functional process for

the DEGs. Plots produced by R ClusterProfiler version 4.5.1.

Kaplan-Meier survival curves were generated for all of the selected DEGs for the basal-like
subtype of PDAC. Survival graphs with insignificant P-values were excluded from downstream
analysis. Additionally, DEGs with curves that did not support the compared conditions were
discarded. An average graph with supportive curves and significant P-values is seen in Fig.
25. Based on this graph, the DEGs had a much lower survival rate when upregulated in the

basal-like subtype with a highly significant P-value (0.0.001).
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Figure 25 | Average Kaplan-Meier survival curve for the upregulated basal-like subtype DEGs,
following the removal of outliers and insignificant P-value graphs. Graph show the probability of
survival versus the time (months). HR serves as a measurement of the magnitude for the difference
between the two curves in each plot. HR shows the hazard reduction obtained by drug studies that is
compared to the hazard reduction for the control of the study. Logrank P value represents the average
P-value, showing the statistical significance. The black line shows the probability of survival with low
gene expression whereas the red line displays the probability of survival with high gene expression.
Individual DEG graphs can be seen in Appendix C. Graph produced by Kaplan-Meier plotter version
2022.08.23.
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The Expression Atlas showed the levels per gene in a map for the DEGs in the basal-like
subtype of PDAC. The DEGs with supportive survival curves (Fig. 25) were used to produce

an expression map, Fig. 26.

Figure 26 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated basal-like DEGs with significant P-value survival curves. The expression level per
cell line is seen in transcripts per million (TPM) whereby the blue gradient shows the level of
expression. High expression is seen towards a dark shade and low expression with a light shade. Graph

produced by Expression Atlas - EMBL-EBI (https://www.ebi.ac.uk/gxa/home).

The basal-like subtype DEGs with high expression levels in the map, Fig. 26, were used to
produce expression box plots in from the GEPIA cancer database, Fig. 27. This validation step

shows the gene expression level in a PDAC patient sample relative to the adjacent normal.
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Figure 27 | Box plots for genes with high TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 26) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).

Table 5 shows the identified signature genes in the basal-like subtype and its expression values
in the extracellular vesicles and the log2FC from different databases, BBCancer and GENT?2,
respectively. An upregulation in the extracellular vesicles may indicate migration whereas the

GENT?2 log,FC values support the log2FC output in this study (Fig. 23).

Table S | The BBCancer and GENT2 expression values (TPM) for the selected basal-like

DEGs.

GENE BBCancer (Extracellular GENT2
vesicles) LogaFC

DCBLD2 -0.13 0.62

CAV1 1.15 0.23

TGFB2 0.27 0.61
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4.3. WGCNA: Co-expression analysis of Dataset 2

Co-expression analysis was performed on dataset 2 as it met the sample number requirements
for WCGNA analysis. The output of DESeq2, upregulated and downregulated DEGs were used
to extract the count values from the original raw count data matrix which was then normalised
through variance stabilising transformation. DEGs upregulated in the tumour samples are
downregulated in normal samples and DEGs downregulated in the tumour samples are
upregulated in the normal samples. Therefore, co-expression was performed on the upregulated
tumour and normal samples separately. This allows for the identification of DEGs that are

being co-expressed in a specific condition.
4. Tumour upregulated DEGs

In co-expression analysis, a soft threshold value (Fig.28a) is required to construct a cluster
dendrogram (Fig.28b). A soft threshold value close to a 1 (y-axis, R?) in the scale free topology
model represents highly connected DEGs with low background noise, hence value selection

was made based on this criteria.
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Figure 28 | WGCNA analysis for the upregulated tumour samples containing DEGs. a) Network

topology for the scale independence and mean connectivity analysis of modules consisting of soft
thresholding powers ranging between the values of 1 to 20. The scale independence plot consists of a
y-axis which represents the scale-free topology fit as a function of the soft thresholding power (x-axis).
The mean connectivity plot displays the degree (y-axis) as a function of the soft-thresholding power (x-

axis). The power of 3 was selected for downstream analysis as it is the lowest power for which the
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scale-free topology fit index reaches 0.90. b) Clustering dendrogram of genes among modules via

hierarchical clustering of adjacency-based dissimilarity. Plots produced by R WGCNA version 1.71.

A network plot was made for the DEGs that are co-expressed in the same biological condition,
Fig. 29. The lines between the nodes (genes) may represent potential interactions with the

genes.

Figure 29 | A Cytoscape network view of the selected co-expressed gene cluster modules seen
in the up-regulated tumour samples, represented in nodes, following the cut off threshold value of
0.91. SPAGS5 had the highest connection with 5 nodes. Genes with a connection of less than 2 were

discarded. Network produced by Cytoscape version 3.9.1.

ClusterProfiler was used to determine the enrichment compareCluster biological theme
classification for the cellular component, molecular function, biological processes and lastly,
KEGG pathways (Fig. 30). Each cluster on the x-axis represents the cluster module seen in
Fig. 28b. A cluster consists of the DEGs that are co-expressed. The plots show the DEGs and

its role in the biological system (y-axis).
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Figure 30 | GO and KEGG enrichment for all of the upregulated tumour subtype gene clusters. a) A
compareCluster biological theme comparison for the enriched GO functional cellular component

profiles, displaying functional consensus and differences observed in each upregulated tumour gene
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cluster. b) A compareCluster biological theme comparison for the enriched GO functional molecular
function profiles. ¢) A compareCluster biological theme comparison for the enriched GO functional
biological process profiles. d) A compareCluster biological theme comparison for the enriched KEGG
functional process profiles. The x-axis represents the gene clusters whereas the y-axis shows the
appropriate labels. The gene ratio, represented in dot size, shows the percentage of the total genes in
the given set. The dot colours display the statistical significance whereby red is highly significant and

blue is significant. Plot produced by R ClusterProfiler version 4.5.1.

Kaplan-Meier survival curves were generated for all of the selected co-expressed DEGs for the
tumour sample. Survival graphs with insignificant P-values were excluded from downstream
analysis. Additionally, DEGs with curves that did not support the compared conditions were
discarded. An average graph with supportive curves and significant P-values is seen in Fig.
31. Based on this graph, the DEGs had a much lower survival rate when upregulated in the

tumour sample with a highly significant P-value (0.00032).
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Figure 31 | Average Kaplan-Meier survival curve for the average tumour upregulated DEGs selected
based on the co-expressed network following the removal of outliers and insignificant P-value graphs.
Individual survival curves can be seen in Appendix C. Graph show the probability of survival versus
the time (months). HR serves as a measurement of the magnitude for the difference between the two
curves in each plot. HR shows the hazard reduction obtained by a drug study that is compared to the
hazard reduction for the control of the study. Logrank P values represents the P-values for each plot,
showing the statistical significance. The black line in each plot shows the probability of survival with
low gene expression whereas the red line displays the probability of survival with high gene expression.

Graphs produced by Kaplan-Meier plotter version 2022.08.23.
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The Expression Atlas showed the levels per gene in a map for the co-expressed DEGs in PDAC.
The DEGs with supportive survival curves (Fig. 31) were used to produce an expression map,

Fig. 32.

Figure 32 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated tumour co-expressed DEGs with significant P-value survival curves. The
expression level per cell line is seen in transcripts per million (TPM) whereby the blue gradient shows
the level of expression. High expression is seen towards a dark shade and low expression with a light

shade. Graph produced by Expression Atlas - EMBL-EBI (https://www.ebi.ac.uk/gxa/home).

The tumour co-expressed DEGs with high expression levels in the map, Fig. 32, were used to
produce expression box plots in from the GEPIA cancer database, Fig. 33. This validation step

shows the gene expression level in a PDAC patient sample relative to the adjacent normal.
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Figure 33 | Box plots for genes with high TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 33) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).
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Table 6 shows the identified signature genes in PDAC and its expression values in the
extracellular vesicles and the logoFC from different databases, BBCancer and GENT?2,
respectively. An upregulation in the extracellular vesicles may indicate migration whereas the
GENT?2 values indicate the expression level in terms of the logoFC. A negative value represents

a downregulation and a positive value shows the upregulation level.

Table 6 | The BBCancer and GENT2 expression values (TPM) for the selected tumour co-

expressed DEGs.

BBCancer GENT2
GENE

(Extracellular vesicles) Log:FC
AURKA 0.34 1.01
RRM2 -0.22 1.22
SPAGS 0.029 0.94
KIF4A 0.11 1.07
CDCAS -0.14 1.06

4.3.1. Normal upregulated DEGs

The normal upregulated samples were included to evaluate the difference in gene expression
level observed in a normal condition when compared to a tumourigenic environment. The soft
threshold value (Fig.34a) was calculated and used to construct a cluster dendrogram (Fig.34b).
A soft threshold value close to a 1 (y-axis, R?) in the scale free topology model represents
highly connected DEGs with low background noise, hence value selection was 7 for the normal

sample set.
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Figure 34 | WGCNA analysis for the upregulated normal samples containing DEGs. a) Network

topology for the scale independence and mean connectivity analysis of modules consisting of soft

thresholding powers ranging between the values of 1 to 20. The scale independence plot consists of a

y-axis which represents the scale-free topology fit as a function of the soft thresholding power (x-axis).

The mean connectivity plot displays the degree (y-axis) as a function of the soft-thresholding power (x-

axis). The power of 7 was selected for downstream analysis as it is the lowest power for which the

scale-free topology fit index reaches 0.90. b) Clustering dendrogram of genes among modules via

hierarchical clustering of adjacency-based dissimilarity. Plots produced by R WGCNA version 1.71.

A network plot was made for the DEGs that are co-expressed in the same biological condition,

Fig. 35. The lines between the nodes (genes) may represent potential interactions with the

genes.
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Figure 35| A Cytoscape network view of the selected co-expressed gene cluster modules seen in the
up-regulated normal samples, represented in nodes, following the cut off threshold value of 0.99.

Network produced by Cytoscape version 3.9.1.

ClusterProfiler was used to determine the enrichment compareCluster biological theme
classification for the cellular component, molecular function, biological processes and lastly,
KEGG pathways (Fig. 36) for all of the significant genes. A cluster consists of the DEGs that

are co-expressed. The plots show the DEGs and its role in the biological system (y-axis).
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Figure 36 | GO and KEGG enrichment for all of the upregulated normal gene clusters. a) A
compareCluster biological theme comparison for the enriched GO functional cellular component
profiles, displaying functional consensus and differences observed in each upregulated normal gene
cluster. b) A compareCluster biological theme comparison for the enriched GO functional molecular
function profiles. ¢) A compareCluster biological theme comparison for the enriched GO functional
biological process profiles. d) A compareCluster biological theme comparison for the enriched KEGG
functional process profiles. The x-axis represents the gene clusters whereas the y-axis shows the

appropriate labels. The gene ratio, represented in dot size, shows the percentage of the total genes in
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the given set. The dot colours display the statistical significance whereby red is highly significant and

blue is significant. Plot produced by R ClusterProfiler version 4.5.1.

Kaplan-Meier survival curves were generated for all of the selected co-expressed DEGs in the
normal sample set. Survival graphs with insignificant P-values were excluded from
downstream analysis. Additionally, DEGs with curves that did not support the compared
conditions were discarded. An average graph with supportive curves and significant P-values
is seen in Fig. 37. These DEGs were upregulated in the normal condition whereas
downregulated in the cancer condition. As seen in the KM plot, when upregulated, the
probability of survival at 80 months increases to a 0.4. When downregulated, the survival rate

decreases to a 0.01 at 75 months with a P-value of 0.0022.

Figure 37 | Average Kaplan-Meier survival curves for the normal upregulated DEGs selected based on
the co-expressed network. Individual survival curves can be seen in Appendix B, Fig. 58. Graph depicts
the probability of survival versus the time (months). HR is a measurement of the magnitude for the
differences between the two curves in each plot. It shows the hazard reduction obtained by a drug study
which is compared to the hazard reduction for the control of the study. Logrank P values represents the
P-values for each plot, showing the statistical significance. The black line displays the probability of
survival with low gene expression whereas the red line displays the probability of survival with high

gene expression. Graphs produced by Kaplan-Meier plotter version 2022.08.23.

The Gene Expression Atlas showed the expression levels per gene in a map for the co-
expressed DEGs in the normal sample set. The DEGs with supportive survival curves (Fig. 37)

were used to produce an expression map, Fig. 38.
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Figure 38 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated normal co-expressed DEGs with significant P-value survival curves. The
expression level per cell line is seen in transcripts per million (TPM) whereby the blue gradient shows
the level of expression. High expression is seen towards a dark shade and low expression with a light
shade. It can be observed that the expression level ranges from 0 to only 6 TPM values which is due it
being upregulated in the normal samples and not in PC cell lines. Graph produced by Expression Atlas

- EMBL-EBI (https://www.ebi.ac.uk/gxa/home).

The normal co-expressed DEGs with high expression levels in the map, Fig. 38, were used to
produce expression box plots from the GEPIA cancer database, Fig. 39. This validation step

shows the gene expression level in a PDAC patient sample relative to the adjacent normal.
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Figure 39 | Box plots for genes with TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 38) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).

Table 7 shows the identified signature genes in normal sample set and its expression values in
the extracellular vesicles and the logoFC from different databases, BBCancer and GENT2,

respectively. An upregulation in the extracellular vesicles may indicate migration whereas the
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GENT?2 values indicate the expression level in terms of the logoFC. A negative value represents

a downregulation and a positive value shows the upregulation level. These genes were

upregulated in the normal samples and it can be observed that there are negative expression

levels in both BBCancer and GENT?2 cancer databases for pancreatic cancer.

Table 7 | The BBCancer and GENT2 expression values (TPM) for the selected normal co-

expressed DEGs.
GENE BBCancer GENT2
(Extracellular vesicles) Log:FC
ST18 N/A -0.90
GCK -3.43 -0.51
SYP N/A -1.89

4.3.2. Basal-like subtype upregulated DEGs

The soft threshold value (Fig. 40a) was calculated and used to construct a cluster dendrogram

(Fig.40b). A soft threshold value close to a 1 (y-axis, R?) in the scale free topology model

represents highly connected DEGs with low background noise, hence value selection was 6 for

the basal-like subtype condition.
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Figure 40 | WGCNA analysis for the upregulated basal-like subtype samples containing differentially
expressed genes. a) Network topology for the scale independence and mean connectivity analysis of
modules consisting of soft thresholding powers ranging between the values of 1 to 20. The scale
independence plot consists of a y-axis which represents the scale-free topology fit as a function of the
soft thresholding power (x-axis). The mean connectivity plot displays the degree (y-axis) as a function
of the soft-thresholding power (x-axis). The power of 6 was selected for downstream analysis as it is
the lowest power for which the scale-free topology fit index reaches close to 0.90. b) Cluster
dendrogram of genes among modules via hierarchical clustering of adjacency-based dissimilarity. Plots

produced by R WGCNA version 1.71.

A network plot was made for the DEGs that are co-expressed in the same biological condition-
the basal-like subtype, Fig. 35. The lines between the nodes (genes) may represent potential

interactions with the genes.

Figure 41 | A Cytoscape network view of the selected co-expressed gene cluster modules seen in the
up-regulated basal-like subtype samples, represented in nodes, following the cut off threshold value of

0.95. Network produced by Cytoscape version 3.9.1.

ClusterProfiler was used to determine the enrichment compareCluster biological theme
classification for the cellular component, molecular function, biological processes and lastly,
KEGG pathways (Fig. 42) for the basal-like subtype. Each cluster on the x-axis represents the
cluster module seen in Fig. 40b. A cluster consists of the DEGs that are co-expressed. The plots

show the DEGs and its role in the biological system (y-axis).
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Figure 42 | GO and KEGG enrichment for all of the upregulated basal-like subtype gene clusters. a) A
compareCluster biological theme comparison for the enriched GO functional cellular component
profiles, displaying functional consensus and differences observed in each upregulated basal-like
subtype gene cluster. b) A compareCluster biological theme comparison for the enriched GO functional
molecular function profiles. ¢) A compareCluster biological theme comparison for the enriched GO
functional biological process profiles. d) A compareCluster biological theme comparison for the

enriched KEGG functional process profiles. The x-axis represents the gene clusters whereas the y-axis
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shows the appropriate labels. The gene ratio, represented in dot size, shows the percentage of the total
genes in the given set. The dot colours display the statistical significance whereby red is highly

significant and blue is significant. Plot produced by R ClusterProfiler version 4.5.1.

Kaplan-Meier survival curves were made for all of the selected co-expressed DEGs for the
basal-like subtype. Survival graphs with insignificant P-values were excluded from
downstream analysis. Additionally, DEGs with curves that did not support the compared
conditions were discarded. An average graph with supportive curves and significant P-values
is seen in Fig. 43. Based on this graph, the DEGs had a much lower survival rate when

upregulated in this subtype with a highly significant P-value (0.00024).

Figure 43 | Average Kaplan-Meier survival curves for the basal-like upregulated DEGs selected based
on the co-expressed network. Individual survival curves can be seen in Appendix C. Graphs show the
probability of survival versus the time (months). The hazard ratio (HR) serves as a measurement of the
magnitude for the difference between the two curves in each plot. HR shows the hazard reduction
obtained by a drug study that is compared to the hazard reduction for the control of the study. Logrank
P values represents the P-values for each plot, showing the statistical significance. The black line in
each plot shows the probability of survival with low gene expression whereas the red line displays the
probability of survival with high gene expression. Graphs produced by Kaplan-Meier plotter version

2022.08.23.

The Gene Expression Atlas showed the levels per gene in a map for the co-expressed DEGs
for the basal-like subtype. The DEGs with supportive survival curves (Fig. 43) were used to

produce an expression map, Fig. 44.
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Figure 44 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated basal-like co-expressed DEGs with significant P-value survival curves. The
expression level per cell line is seen in transcripts per million (TPM) whereby the blue gradient shows
the level of expression. High expression is seen towards a dark shade and low expression with a light

shade. Graph produced by Expression Atlas - EMBL-EBI (https://www.ebi.ac.uk/gxa/home).

The tumour co-expressed DEGs with high expression levels in the map, Fig. 44, were used to
produce expression box plots in from the GEPIA cancer database, Fig. 45. This validation step

shows the gene expression level in a PDAC patient sample relative to the adjacent normal.

BUBI DEPDC1 KIF14

Figure 45 | Box plots for genes with high TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 44) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).
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Table 8 shows the identified signature genes in basal-like subtype and its expression values in
the extracellular vesicles and the logoFC from different databases, BBCancer and GENT2,
respectively. An upregulation in the extracellular vesicles may indicate migration whereas the
GENT?2 values indicate the expression level in terms of the logoFC. A negative value represents

a downregulation and a positive value shows the upregulation level.

Table 8 | The BBCancer and GENT2 expression values (TPM) for the selected basal-like co-
expressed DEGs.

BBCancer GENT2
GENE

(Extracellular vesicles) Log:FC
BUBI1 0.28 0.70
DEPDC1 -0.22 0.73
KIF14 0.43 0.97

4.3.3. Classical up-regulated DEGs

The soft threshold value (Fig.46a) was calculated and used to construct a cluster dendrogram
(Fig.46b). A soft threshold value close to a 1 (y-axis, R?) in the scale free topology model
represents highly connected DEGs with low background noise, hence value selection was 7 for

the classical subtype condition.

a. b. Cluster Dendrogram

1.0

Scale independence Mean connectivity

7
56'8
4 9101214161820

300
I
0.8
I

I

r o

©

@ o

c 0 -

= Y

@

= Q| > =

L o £ > @

= > o 2 S
[} s O <o

° S T

] g

= c

> < | =3

S o o 3

S s

a o) 2 <

] 2 Eo o

S S

= > 7] -

T ©

2 3

«

& 8

<]

= 4 S
[S)

56 7 .
7
! o 8910121416 18 2(
! I ! T T T T T
5 10 15 20 5 10 15 20 Gene_Clusters
Soft Threshold (power) Soft Threshold (power) |

75



Figure 46 | WGCNA analysis for the up-regulated classical subtype samples containing differentially
expressed genes. a) Network topology for the scale independence and mean connectivity analysis of
modules consisting of soft thresholding powers ranging between the values of 1 to 20. The scale
independence plot consists of a y-axis which represents the scale-free topology fit as a function of the
soft thresholding power (x-axis). The mean connectivity plot displays the degree (y-axis) as a function
of the soft-thresholding power (x-axis). The power of 7 was selected for downstream analysis as it is
the lowest power for which the scale-free topology fit index reaches close to 0.90. b) Cluster
dendrogram of genes among modules via hierarchical clustering of adjacency-based dissimilarity. Plots

produced by R WGCNA version 1.71.

A network plot was made for the DEGs that are co-expressed in the same biological condition-
the classical subtype, Fig. 47. The lines between the nodes (genes) may represent potential

interactions with the genes.

Figure 47 | A Cytoscape network view of the selected co-expressed gene cluster modules seen in the
upregulated classical subtype samples, represented in nodes, following the cut off threshold value of

0.975. Network produced by Cytoscape version 3.9.1.

ClusterProfiler was used to determine the enrichment compareCluster biological theme
classification for the cellular component, molecular function, biological processes and lastly,

KEGG pathways (Fig. 48) for the classical subtype. Each cluster on the x-axis represents the
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cluster module seen in Fig. 40b. A cluster consists of the DEGs that are co-expressed. The plots

show the DEGs and its role in the biological system (y-axis).
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Figure 48 | GO and KEGG enrichment for all of the upregulated classical subtype gene clusters. a) A
compareCluster biological theme comparison for the enriched GO functional cellular component

profiles, displaying functional consensus and differences observed in each upregulated classical subtype
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gene cluster. b) A compareCluster biological theme comparison for the enriched GO functional
molecular function profiles. ¢) A compareCluster biological theme comparison for the enriched GO
functional biological process profiles. d) A compareCluster biological theme comparison for the
enriched KEGG functional process profiles. The x-axis represents the gene clusters whereas the y-axis
shows the appropriate labels. The gene ratio, represented in dot size, shows the percentage of the total
genes in the given set. The dot colours display the statistical significance whereby red is highly

significant and blue is significant. Plot produced by R ClusterProfiler version 4.5.1.

Kaplan-Meier survival curves were made for all of the selected co-expressed DEGs for the
classical subtype. Survival graphs with insignificant P-values were excluded from downstream
analysis. Additionally, DEGs with curves that did not support the compared conditions were
discarded. An average graph with supportive curves and significant P-values is seen in Fig.
49. Based on this graph, the DEGs had a much lower survival rate when upregulated in this

subtype with a significant P-value (0.0016).
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Figure 49 | Average Kaplan-Meier survival curves for the classical up-regulated DEGs selected based
on the co-expressed network. Individual survival curves can be seen in Appendix C. Graphs show the
probability of survival versus the time (months). The hazard ratio (HR) serves as a measurement of the
magnitude for the difference between the two curves in each plot. HR shows the hazard reduction
obtained by a drug study that is compared to the hazard reduction for the control of the study. Logrank
P values represents the P-values for each plot, showing the statistical significance. The black line in
each plot shows the probability of survival with low gene expression whereas the red line displays the
probability of survival with high gene expression. Graphs produced by Kaplan-Meier plotter version

2022.08.23.
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The Expression Atlas showed the levels per gene in a map for the co-expressed DEGs for the
classical subtype. The DEGs with supportive survival curves (Fig. 49) were used to produce

an expression map, Fig. 50.

Figure 50 | RNA-Seq mRNA baseline gene expression atlas graph for 15 PC human cell lines for
selected upregulated classical subtype co-expressed DEGs with significant P-value survival curves. The
expression level per cell line is seen in transcripts per million (TPM) whereby the blue gradient shows
the level of expression. High expression is seen towards a dark shade and low expression with a light

shade. Graph produced by Expression Atlas - EMBL-EBI (https://www.ebi.ac.uk/gxa/home).

The tumour co-expressed DEGs with high expression levels in the map, Fig. 50, were used to
produce expression box plots in from the GEPIA cancer database, Fig.5/. This validation step

shows the gene expression level in a PDAC patient sample relative to the adjacent normal.

SCG3 CAMK?2B MYTIL
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Figure 51 | Box plots for genes with high TPM expression levels for the PC cell lines observed in the
expression atlas graph (Fig. 50) plotted with log2(TPM + 1) for log-scale. Red box plots are for the
tumour samples (n = 179) and grey box plots represents the normal samples (n = 171) for PDAC. Plots
produced by GEPIA (http://gepia.cancer-pku.cn/detail.php).

Table 9 shows the identified signature genes in PDAC and its expression values in the
extracellular vesicles and the logoFC from different databases, BBCancer and GENT?2,
respectively. An upregulation in the extracellular vesicles may indicate migration whereas the
GENT?2 values indicate the expression level in terms of the logoFC. A negative value represents
a downregulation and a positive value shows the upregulation level. It can be noted that these
DEGs do not have a positive expression values in the extracellular vesicles, indicting the
absence of migration caused by them. These DEGs were upregulated in the classical subtype,

which is observed in the early stage, hence migration has yet to take place.

Table 9 | The BBCancer and GENT2 expression values (TPM) for the selected classical
subtype co-expressed DEGs.

BBCancer GENT2
GENE

(Extracellular vesicles) Log:FC
SCG3 -0.92 -0.74
PTPRN -0.52 -2.62
CAMK2B -1.48 -0.27
MYTIL -1.47 -0.22

4.3.4. Machine learning

A machine learning approach was used on all the DEGs per sample condition to serve as a step
for calculating the recall score, precision score, F1 and accuracy score. This was done to show
how well the model can predict that a sample belongs to its category; normal or PDAC based
on the count values of the significant DEGs. As the insignificant genes were discarded based
on P-values, it is expected to see high scores for the selected DEGs due to their statistical
significance, hence predicting potential biomarkers. Table 10 contains the score values per
condition. Additionally, dataset 1 was used to test the trained system from dataset 2 which

represented the external validation step for RFC.
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Table 10 | The average scores for recall, precision, F1 and accuracy values (n=>5) and standard

deviation with dataset 1, the external validation step for RFC.

PDAC - Dataset 2 1 2 3 4 5 Ave (n=5) Std

Recall score 0,97 1,00 1,00 1,00 1,00 0,99 0,01
Precision_score 0,93 0,93 0,93 0,91 1,00 0,94 0,03
F1 score 0,96 0,96 0,96 0,94 1,00 0,96 0,02
Accuracy_score 0,94 0,92 0,92 0,89 1,00 0,93 0,04

PDAC - External
Validation (Dataset 1)

Recall score 0,40 0,67 0,53 0,40 0,47 0,49 0,11
Precision_score 0,57 0,52 0,57 0,57 0,62 0,57 0,03
F1 score 0,57 0,67 0,64 0,57 0,64 0,62 0,04
Accuracy_score 1,00 0,67 0,80 1,00 1,00 0,89 0,15

5. Discussion

The application of bioinformatics methods and interpretation of large data is done via
computational tools by combining mathematics, physics and biology to have an in-depth
understanding of diseases. Hence, in cancer research, applying bioinformatics can be useful for
biomarker discovery. This study was performed to identify potential biomarkers in PDAC, its
subtype and stage of disease. Several bioinformatic tools and web tools were utilized to create
an RNA-Seq analysis workflow which ended off with in-silico validation steps to provide
corroborative evidence supporting the accuracy of this workflow. The various comparative
conditions were included in the analysis to understand the molecular basis of PDAC. As
mentioned previously, PDAC is the fourth leading cause of death with a low survival rate. The
main contributing factor towards the high mortality rate is due to diagnoses at an advanced
stage and PDAC subtype, thereby reducing the overall response rate. Therefore, by analysing
and identifying DEGs unique to the compared conditions, diagnostic rates may improve

subsequently aiding in effective therapeutic approaches.
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Quality control was a vital step that was included for assuring the use of good sequencing files.
FastQC and Trimmomatic assisted in removing bad sequencing files and low-quality regions.
Quality control plots are seen in Appendix A. It can be observed that untrimmed files had bad
base call values as the box and whisker plots are commonly seen in the red region (Fig. 52).
When compared to the trimmed Fastq files, the box and whisker plots are located in the green
to yellow region, indicating a good base call (Fig. 53). Therefore, the trimmed Fastq files
produced good quality control plots. As mentioned previously, Trimmomatic has the ability to
remove the adapter sequences whereby it locates these universal sequences by through the
package. Additionally, Trimmomatic filtered out low quality reads that may interfere with

alignment rate and downstream analysis [78].

Following quality control, files were inputted in DESeq2 for differential gene expression
analysis. PCA plots were made to identify outliers and the variance observed in each dataset.
Fig. 10 shows the PCA plots for each dataset. Dataset 1 and 2 produced satisfactory plots
following filtering of samples (Fig. /0). Each condition had unique clustering to allow for

optimal downstream analysis and DEG identification as seen in Fig. /1.

5.1. DESeq2 analysis

5.1.1. Identified signature genes in the tumour samples

Through the combination of dataset 1 and dataset 2, the common differentially expressed genes
were identified and may represent a universal biomarker. Dataset 1 study was conducted in
patients from Japan whereas dataset 2 contained samples from multiple different countries
(Canada, India, USA, Russia, Poland, China, Iraq, Serbia, Bulgaria and Denmark). Hence,
these sample sets include different race, gender, ethnicity as well as patients with pre-existing
diseases. The intersecting DE genes from D1 and D2 were selected for further analysis with a
total of 588 upregulated genes and 256 downregulated DEGs as seen in Fig. /2. The DEGs
were identified based on the P-value whereby genes with P-values of more than 5% were
discarded (insignificant). Next, the significant DEGs (P-value of less than 5%) were condensed
by selecting the highly significant P-values to provide a further 95% confidence interval rate.
These DEGs were plotted in Fig. /3 and represented the selected genes for further analysis.
The upregulated DEGs were analysed to understand how gene amplification contributes
towards the formation of PDAC and progression to a metastatic stage. Survival curves were
generated for each of the DE genes (Appendix C) to detect and remove outliers and genes with

insignificant P-values. The plots were combined on the Kaplan-Meier plotter to determine the
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average survival rates with high or low gene expression (Fig. /5 ) for the upregulated DEGs.
It was seen that there was a significant difference between the survival rates with high and low
expression whereby high gene expression leaded to a decline in the probability of survival to a

0.02 within the time frame of 60 to 80 months and P-value of 7 x 10°®.

Expression atlas or expression heat map was generated as secondary validation step whereby
it produced a map of the selected genes in TPM values per pancreatic cancer cell line (Fig. 16).
A few genes were highly expressed in all 15 pancreatic cancer cell lines namely, S100411,
PKM, GPRC5A and LAMC?2. Gene S100A411 had the highest expression with value of up to
5688 TPM.

The Calcium Binding Protein (S100A11) has been linked to various diseases including cancers
via activating multiple signalling pathways such as the Wnt/B catenin, TGF-B1/SMAD,
PI3K/AKT, Nf-kB signalling pathways [21]. ST00A11 protein can interact with P53 (regulator
of tumour growth), ANXA2 (repairment of cancer cells) and ANXA1 (promote ER to
endosome cholesterol transport) [21]. Through the interaction with oncogenes and its
respective pathways, SI00A1 has a major role in tumour progression, cell proliferation,
migration and invasion when highly expressed, therefore considered as an oncogene. High
expression has been observed in PDAC, breast, colorectal, prostate and lung cancer. Li et al.,
2021 evaluated the role of SIO0A1 expression PC tissue samples. SI00A11 was linked to the
pathological stage, infiltration rate, resistance to drugs and a shorter survival rate, hence
suggested as a prognostic biomarker for PC due to its tumorigenic roles [79]. SI100A11 had a
fold change (log2FC) of 1.6 in the tumour samples as seen in Fig. 13. KEGG (Fig. 14d) analysis
showed a high gene ratio with a significant P-value for the PI3K/AKT signalling pathway,
showing that SI00A11 upregulates the PI3K/AKT signalling pathway. Furthermore, receptor
ligand activity was seen in the GO molecular function which is involved in the activation of
the PI3K/AKT signalling pathway. As mentioned previously, PI3K/AKT has a tumorigenic
role via the mutation of the p110a subunit which promotes cell proliferation and invasion [80].
Additionally, S7100A411 had the highest expression in the extravesicles (EV), 3.67, potentially
could be a blood biomarker (7able. 3).

Pyruvate kinases (PKMs) have a role in the cell metabolism rate. PKM gene produces two
isoforms, PKM1 and PKM2. PKM2, a metabolic regulator, promotes anabolic metabolism and
an increase in lactate production for tumour cell growth [81]. It has a role in activating

angiogenesis. Under a hypoxic condition, PKM2 and p63 translocate into the nucleus, resulting
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in the transcription of VEGF-A. An upregulation of VEGF-A increases angiogenesis [81].
PKM was upregulated with a logoFC of 1.4 (Fig. 13), present in the EV (2.36) and a GENT2
logoFC of 1.04 (Table. 3). PKM is an oncogene that is highly expressed in PDAC with a poor
survival rate [82]. Inhibition of PKM2 caused ATP depletion which resulted in a decrease in

cell proliferation, migration and induction of cell death [82].

The G protein-coupled receptor class C group 5 member (GPRCS5A) is encoded by the
GPRC5A gene. This protein is located on the membrane as well as in the endoplasmic reticulum
(ER) [83]. It is involved in the interaction of retinoic acid, has a role in cell growth, and G
proteins. In PC, there is a low expression of GPRCS5A in the normal adjacent samples, however,
highly expressed with a significant P-value (9.20 x 107) in the tumour samples and an overall
low survival rate (0.0026) [84]. Additionally, it enhances the resistance to GEM treatment
along with promoting cell migration [84]. Studies have shown that cell lines with a mutated
p53, an oncogene, exhibited high expression of GPRC5A and a wild type p53 with low
GPRC5A expression. This suggested a crosstalk between GPRC5A and mutant p53. GPRC5A
had a logoFC of 2.6 in the tumour samples (Fig. /3) and has a GO cellular component role in
the ER and an anchored component of the membrane (Fig. /4a). The logoFC from GENT2 and
this study are in close proximity, hence may act as a supporting for the gene expression
observed in the tumour sample. GPRC5A is a potential prognostic biomarker for PDAC as an
upregulation has been observed to be linked the pathological stage, larger tumour size and

grade and therefore may determine the survival rate [84].

Integrin subunit alpha 2 (ITGA2), laminin subunit beta 3 (LAMB3), and laminin subunit
gamma 2 (LAMC2) were all upregulated in the tumour sample with P-values in the same range.
ITGA2, LAMB3 and LAMC?2 had a logoFC of 1.9, 2.8, 2.9 (Fig. 13), respectively. Islam et
al., 2021 had performed bioinformatic analysis on PDAC samples and identified these three
genes as interconnected hub protein coding genes that were linked to the pathological stages
of PDAC [85]. These proteins were exclusively expressed in PDAC cell, showing the role in
tumour progression. ITGA2 mediates cell-to-extracellular matrix (ECM) attachment that alters
the stromal behaviour and ECM remodelling (seen in the KEGG pathway, Fig. 14d) [85]. This
alteration promotes cellular transformation and enhancement of a tumorigenic environment.
Additionally, it promotes a desmoplastic environment by activating cancer-associated
fibroblasts (CAFs) [85]. It has been reported that LAMC?2 is overexpressed in several cancers

with a pivotal role in chemoresistance. Through reverse transcription polymerase chain
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reaction (RT-qPCR), 114 PDAC patient samples were analysed. Along with high expression
levels, LAMC2 was linked to poor survival rate and therefore a prognostic biomarker for
survival [86]. EMT is a contributing factor to drug resistance, including GEM treatment. To
determine the role of LAMC?2 in drug resistance, small interfering RNA (siRNA) was used to
silence the genomic region in PC cells. The inhibition of LAMC?2 significantly decreased the
EMT phenotype, increased the sensitivity of GEM and induced apoptosis of PC cells [86].
Furthermore, there was a decrease in cancer cell colony formation, migration and invasion.
Overexpression of LAMC2 caused a significant increase in the mRNA expression levels ATP-

binding cassette (ABC) transporters including ABCAT1 [86].
5.1.2. Identified signature genes in the advanced stage of PDAC

PDAC patients are often asymptomatic and therefore diagnosed at an advanced stage. As
metastasis takes place, systematic chemotherapy is the viable option, however, with low
response rate. Analysing the DEGs expressed in the advanced stage may assist in the correct
diagnoses and prognosis of disease. Survival curves were produced for the top 5% of DEGs in
Fig. 20 and outliers were removed. The overall survival curve for these genes shows that with
high expression, the probability of survival comes down to 0.01 in 50 months with a P-value
of 0.00013. The gene expression atlas showed elevated expression levels for KRT13 and IL6
for most of the PC cell lines (Fig. 21) and box plots showing a high difference in tumour
expression when compared to the normal samples (Fig. 22, KRT13 had a low significant

differences between tumour normal).

Keratin 13 is encoded by the KRT'13 gene. Keratins are fibrous proteins that are involved in the
structural framework of epithelial cells [87]. In breast cancer MCF-7 cells, overexpression of
KRT13 enhanced cell proliferation, invasion and migration in mice. Whereas knockdown of
KRT13 inhibited cell growth and aggressive behaviour. Via molecular analysis, KRT13
induced stemness in MCF-7 cells by increasing the expression of stemness related genes
including c-Myc [87]. To unveil the interaction between KRT13 and c-Myc, loss and gain of
c-Myc function in both overexpression and knockdown of KRT13 showed a direct relationship.
In overexpressed KRT13, siRNA-mediated c-Myc suppression decreased the stemness and
growth whilst overexpression of c-Myc in knowdown-KRT13 increased self-renewal, growth
and EMT process. Hence, KRT13 has been proposed to be a biomarker for breast cancer [87].
In PDAC, the upregulation of KRT13 has not been thoroughly investigated, however, there
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was a significant increase in logoFC for the advanced stage of PDAC with a value of 3.60 (Fig.
18) and a TPM expression value of up to 5400 in numerous PC cell lines (Fig. 21).

Cytokine interleukin 6 (IL-6), encoded by the /L6 gene, is part of the immune response to
infections and has a cytokine receptor binding activity for the GO plots (Fig. 19) . Interestingly,
tumour cells produce IL-6 that has both intrinsic and extrinsic functions in the tumour
microenvironment (TME) for sustenance of a tumorigenic state [88]. Upon binding with IL-
6R, IL-6 dimerizes with gpl30 to activate its receptor Janus kinases (JAK). JAK
phosphorylates both gp130 and itself. These sites then act as a docking station for the signal
transducer and activator of transcription 3 (STAT3) which undergoes a tyrosine
phosphorylation, allowing STAT to translocate into the nucleus and activate its target genes.
The targeted genes include Bcl-2, c-Myc, Cyclin Ds, MMP2 and MMP9 [89]. Matrix
metalloproteinase-2 (MMP2 ) and -9 have notable roles in cancer metastasis as these proteins
degrade the ECM to promote tumour invasion [90]. The IL-6/JAK/STAT3 signalling pathway
is overexpressed in many cancers including PDAC as well as promoting drug resistance. In
PC, cytokines play a major role in metastasis as it mediates signals between cancer cells, the
TME and CAFs [91]. There is an elevated level of IL-6 in PDAC patients when compared to
healthy patients and high expression was observed in metastatic PDAC patients [91]. When
compared to the early stage, IL-6 was upregulated in the advanced stage with a logoFC of 1.8
(Fig. 18). Furthermore, MMP-9 had a logoFC of 1.09 in the advanced stage. These findings are
supported by literature as IL-6 activates the JAK/STAT3 signalling pathway which in turn
activates its target gene, MMP-9. As this signalling cascade is observed in an advanced stage
whereby metastasis has taken place, IL-6 may potentially serve as a biomarker for the
advanced stage of PDAC. IL-6 also activates the expression of cyclin Ds. Cyclin Ds are known
to promote cell cycle progression via phosphorylation of substrates to push the cycle past the

gap phase 1 checkpoint to gain survival advantages and cell proliferation [92].
5.1.3. Identified signature genes in the basal-like subtype of PDAC

The basal-like subtype DEGs were evaluated to understand the genes involved in promoting
the severity of the disease that is linked to low survival rates and drug resistance. Based on the
gene expression atlas plot, CAVI, DCBLD?2 and TGFB2 had high expression in most of the PC
cell lines (Fig. 26). The overall survival curve for these genes shows that with high expression,
the probability of survival comes down to 0.01 in 75 months with a P-value of 0.001 (Fig. 25).
The box plots for these three genes display high TPM expression in PDAC tumour samples,
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depicted in Fig. 27. Additionally, KRT13 and S100A2 had high expression values too. These

genes were also identified in the tumour and advanced stage samples, discussed above.

Caveolin-1 (CAV1) is a scaffold protein that is responsible for multiple roles throughout the
body. CAV1 is part of the caveolae which are small sacs in the membrane and plays a structural
role, supported by the GO plots (Fig. 24a) [93]. CAV1 expression varies depending on the type
of cancer to either act as a tumour suppressor or promoter of metastasis. Furthermore, CAV1
expression has been linked to therapy resistance as it promotes stromal heterogeneity and
tumour-stroma communication [94]. In PDAC, stromal heterogeneity is one of the main
contributors to therapy resistance as it promotes deamination of the nucleoside analogue
(mentioned previously). In PDAC, high expression has been associated with tumour growth
size and stage. As CAV1 was upregulated with a log2FC of 1.42 (Fig. 23) and EV value of 1.15
(Table. 5) in the basal-like subtype, this may suggest its role in subtype selection. To
investigate the role of CAV1 in PDAC, silencing resulted disrupting its interaction with focal
adhesion kinases which reduces cell adhesion and survival. Whereas, overexpression increased
GEM therapy resistance [94]. Additionally, CAV1 expression is linked to metabolism and

cholesterol homeostasis [93].

The Discoidin, CUB and LCCL Domain Containing 2 (DCBLD2) protein has a role in the
negative regulation of cell growth and healing. DCBLD2 overexpression increases tumour
development and EMT. Along with these roles, high expression promotes 5-FU drug resistance
in colorectal cancer cells [95]. DCBLD2 was upregulated in the basal-like subtype with a
logoFC of 1.5 (Fig. 23). Via transcriptomic analysis, DCBLD2 has been reported to play an

oncogenic role in PDAC and therefore a prognostic and diagnostic biomarker [96].

The transforming Growth Factor Beta 2 (TGFB2) protein partakes in the TGF-} pathway that
is known to activate target genes such as p21 for regulating cell cycle progression [20]. It plays
a growth promoting role with dominant features such as stromal proliferation, EMT and cell
cycle progression in the advanced stage of PDAC. The basal-like is often observed in the late
stage [22]. This shows the role of TGFB2 in both progression and subtype of disease as it was
upregulated with a log2FC of 1.28 (Fig. 23) and EV values of 0.27 (Table. 5).

The aforementioned genes are involved in drug resistance for the basal-like sample and may

be investigated further with regards to their role in drug mechanism, metabolism and resistance.
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5.1.4. Identified common signature genes in the basal-like subtype and advanced

stage samples.

As mentioned previously, the basal-like subtype often displays the stage of disease as it is
commonly observed in the advanced stage and linked to drug resistance. To understand the
genes involved in both stage and subtype, the upregulated DEGs that intersected with both the
advanced stage and basal-like subtype were evaluated with a total of 79 commonly expressed
genes. Amongst the intersected significant genes, there was notable genes involved in cancer
progression, migration and invasion. These genes are WNT34, TP63, KRT13, IGF2BP and
IL1A. KRT13 and its function in PDAC has been previously described.

The Wingless-related integration site (Wnts) are secreted during embryonic development to
regulate cell cycle, mobility and differentiation. The canonical Wnt/B-catenin signalling
pathway plays a pivotal role in regulating cell cycle progression, apoptosis, genetic stability
and stem cell renewal [97]. This pathway is activated upon binding of the Wnt ligand to its
respective transmembrane protein, consisting of frizzled and LRP5/6, for the activation of
Dishevelled. This allows for the stabilization, accumulation and translocation of B-catenin from
the cytoplasm into the nucleus for the activation of its target genes [16]. Wnts have a vital role
in cancer stem cell signalling (CSC) as high expression of Wnt correlates to high CSC activity
[98]. The CSC population is known to induce self-renewal and differentiation capabilities in
several cancers including PDAC. A study had revealed the role of Wnt in PDAC using a Wnt
antagonist, DKK1, and an anti-frizzled antibody. This experiment delayed the formation of
PDAC [99]. Additionally, inducing Wnt expression levels in xenograft mice models had
stimulated the progression of PanINs, leading to the formation of PDAC. Interestingly, Wnt
expression is not found in normal pancreatic tissues and therefore suggesting the role of Wnt
in tumour progression via the activation of CSC signalling pathways. In the basal-like subtype,
Wnt had a logoFC of 1.02 and a logoFC of 1.01 in the advanced stage. As the log2FC values
lies in close proximity to one another, this suggests the role of Wnt in progression as well as
result in a severe subtype of PDAC. Furthermore, the upregulation of Wnt in the basal-like

may indicate a role in drug resistance.

Tumour protein 63 (p63) is encoded by the 7P63 gene. It is a transcription factor that regulates
gene expression levels for genes involved in the growth and structural development. Elevated
expression levels of p63 have been observed in PDAC, lung, ovarian, colon and breast cancer

[100, 101]. Under a normal condition, p63 induces cell death, suppresses metastasis and cell

89



cycle due to its tumour suppressor features, however, the functions are altered when
overexpressed [102]. Its isoform, ANp63, has high expression levels with a dominant role of
cell proliferation and survival. Furthermore, there is a direct correlation between ANp63 and
poor clinical responses [102]. Upregulation of ANp63 is an identifier for the basal-like subtype
and act as a master regulator to enhance the aggressiveness of the disease. Furthermore, ANp63
interacts with its target genes including S100A2 and IL1A (a pro-inflammatory cytokine) to
drive tumour progression and angiogenesis [101]. SI00A2 and IL1A were common genes
identified with an average log2FC of 2.49 and 1.05, respectively. This shows the role of cross
talk between several genes that contribute towards the formation of the basal-like subtype in

an advanced stage.

The insulin-like growth factor-2 mRNA-binding proteins (IGF2BP) are oncofoetal proteins
that occur in embryogenesis or tumorous proteins. In cancer, it originates within the tumorous
cells and enter the bloodstream, making it a potential tumour marker [103]. It has been reported
that IGF2BPs have various roles such as metabolism, cell proliferation, migration and
differentiation. In normal tissues, there is a low expression level, however, are re-expressed in
cancerous cells along with c-Myc and KRAS. The mechanism has yet to be clearly understood
in cancer, however, through transcriptomic analysis of 177 PDAC samples, it had been shown
that IGF2BP has a tumour promoting role in PDAC [104]. Another study had shown the
IGF2BP promotes cell proliferation by binding and stabilizing GLUT1, a glucose transporter,
for cell survival [105]. Following DESeq analysis, /GF2BP had an overall logoFC of 1.36 and
therefore suggesting the role of /GF2BP gene in tumour progression and subtype.

5.2. WGCNA co-expression analysis

Co-expression analysis was done on dataset 2 as it fulfilled the sample number requirement.
The purpose of co-expression is to identify novel genes that regulate the entire biological
system in a specific condition. These novel genes are involved in different signalling pathways
that are known to have an important role in cancer. Despite producing a biological network for
each compared condition, genes with supportive survival curves were selected and taken into
consideration. Co-expression was performed by calculating a threshold values per sample
condition. This produced a scale independence and mean connectivity plot. The cluster
dendrograms represent coloured modules containing co-expressed genes. Fig 28,34, 40 and 46

all show the graphs and its selected threshold value used for downstream analysis.
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5.2.1. Signature co-expressed upregulated DEGs in the tumour samples

Fig. 29 represents the co-expressed DEGs in the tumour samples. The network consisted of
KIF4A, SPAGS5, RRM2, AURKA and CDCAS5. The average survival curve (Fig. 31) shows that
with high expression, the probability of survival is close to 0 by 65 months with a highly
significant P-value of 0.00032. Furthermore, the gene expression atlas and box plots for each
gene display high expression levels in tumour samples (Fig. 32 and 33). KIF4A had the largest

difference in expression level when compared to the normal samples in the box plots.

The kinesin family member 4A (KIF4A) protein is associated with condensing the
chromosome arms, integrity and the central spindle during mitosis [106]. An abnormal amount
of KIF4A results excessive spindle microtubule assembly which is often observed in several
cancers such as PDAC, lung, colorectal, cervical, breast and prostate cancer [107]. It facilitates
cell proliferation through inducing p21, an oncogene, to push the cell cycle to bypass the gap
phase 1 and 2 check points. This allows for the division of cancerous cells, leading to a
metastatic environment [106]. In PDAC, KIF4A upregulation was determined by analysing 86
patient samples. Western blotting and siRNA experiments were performed to determine the
role of KIF4A in PDAC. Through silencing of KIF4A, tumour growth and metastasis had
decreased significantly and therefore suggesting the role in PDAC development and
progression in vitro and in vivo [108]. This new therapeutic target has been found to be co-

expressed with SPAGS in this project.

The sperm-associated Antigen 5 (SPAGS), a mitotic spindle protein, is a new oncogene that
has been found to be upregulated is various cancers. It is involved in multiple pathways such
as the FOXM1/MMP2 and Wnt/B-catenin signalling pathway [109]. The role of MMP2 and
Wnt proteins in tumour development and progression has been describe above. In breast cancer,
SPAGS promotes the upregulation of the Wnt/B-catenin pathway and transcriptional activity
of TCF4, a tumour suppressor protein that regulates gene expression. Furthermore, inhibition
of Wnt reversed the effects of SPGAS, thus showing a relationship between SPAGS and Wnt
[110]. A protein-protein network for ovarian cancer, following the identification of DEGs, had
shown the top 20 genes that has tumorigenic roles including KIF4A, CDCAS and SPGAS
[111]. These co-expressed genes were also identified in Fig. 29. The expression levels of
SPAGS in PDAC has yet to be investigated experimentally, however, this study has identified
the link between SPAGS5 and KIF4A. This suggests that the co-expressed genes, SPAGS and
KIF4A may be potential biomarkers for PDAC.
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Ribonucleotide reductase subunits M1 (RRM2) and Aurora-A kinase (AURKA) were also co-
expressed within the network. RRM2 protein levels have been investigated in PDAC tissue
samples whereby there was an over expression at a protein and mRNA level. This protein has
a role in cell cycle progression, DNA repair and synthesis correlated with an overall low
survival rate [112]. Interestingly, inhibition of AURKA expression in PDAC induced necrosis
like death of cancerous cells. This was accompanied by reduced colony formation, invasion
and migration. AURKA has a regulatory role in the mitotic cell division and high expression
has been linked to poor prognosis of several cancers [113]. Oral administration of AURKA
inhibitors had decreased tumour growth in mice models with PDAC along with a reduce in
phosphorylating AURKA and GSK38, a regulator of the Wnt/f catenin pathway [114]. These
findings all suggest that SPAGS5 may potentially be a biomarker for PDAC as three other co-
expressed genes (KIF4A, RRM2 and AURKA) all have tumorigenic roles in PDAC. Studies
have not yet reported a link between SPAGS, RRM2 and AURKA in PDAC. Due to the
tumorigenic roles exerted by both proteins and co-expressed, the relationship could be further

investigated.

Fig. 30 shows the cellular component, molecular function and biological processes of KIF4A4,
SPAGS5, AURKA and RMM?2. As seen in the Fig. 30c, these genes have roles in the spindle role,
centromere, condensation, microtubule activity, protein kinase activity, spindle assembly,
mitotic centromere separation and nuclear division. These functions are supported by literature,
mentioned above, whereby each protein promotes the cell cycle progression through different
activities. Furthermore, the KEGG pathway (Fig. 30d) includes cell cycle progression as well

as steroid hormone biosynthesis, suggesting the potential role of cholesterol in PDAC.
5.2.2. Signature of co-expressed upregulated DEGs in the normal samples

Co-expression was performed on the normal sample set (Fig. 35) to see how the DEGs differ
from the tumour set. As these DEGs (S778, GCK, SYP) were upregulated in the normal, it is
downregulated in the tumour samples. Hence, the in-silico validation steps which included the
KM plot (Fig. 37), gene expression atlas plot (Fig. 38) and GEPIA box plots (Fig. 39) display
low expression levels in PDAC when compared to the normal samples. KM plot shows that the
upregulation of these DEGs correlate to a higher survival rate in PDAC patients whereas
downregulation displays the inverse relationship, Fig. 37. Furthermore, Table. 7 has negative

expression levels for each of the DEGs in PDAC.
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ST18 C2H2C-type zinc finger transcription factor (ST18) is a transcription factor located in
the nucleus. It has several functions including cytokine-mediated signalling pathways and
negative regulation of cell proliferation [115]. Cytokine signalling pathways play important
roles in the human body as it required for several cellular functioning by activating intracellular
cascades from the immune system to hormonal pathways. In breast cancer, ST/8 gene was
revealed to be a transcriptional regulator by acting as a tumour suppressor gene. When
overexpressed in MCF-7 cells, there was a reduction in colony formation and tumour growth

in xenograft mouse models [116].

Glucokinase, encoded by the GCK gene, is primarily produced in the pancreas and has a major
role in glucose metabolism to promote glucose homeostasis throughout the body [117].
Glucokinase acts as a glucose sensor in the B-cells which secrete insulin. Loss of function has
been linked to several diabetic conditions, however, the loss of role in cancer has yet to be
investigated [117]. GCK was upregulated in the normal sample but had a negative expression

level in the tumour samples and extracellular vesicles, Table. 7.

Lastly, synaptophysin (SYP) was upregulated in the normal samples. The SYP gene encodes
for a membrane protein of synaptic small vesicles in both brain and endocrine cells, also
observed in GO plot (Fig. 36a) [118]. In glioma patients, the expression level of SYP links to
the survival rate. Via the examination of over 600 patient data from TCGA in combination with
a machine learning-based analysis, a decreased SYP expression level was associated with a
higher tumour grade which resulted in a low survival rate. Conversely, patients with high SYP
levels had an increase in survival rate. This revealed the prognostic role of SYP in glioma

patients [119].

The upregulated DEGs in the normal samples all have roles in promoting efficient cellular
signalling and homeostasis. Loss of function of these DEGs observed in other tumours are

linked to promote tumour growth and lower survival periods.
5.2.3. Signature of co-expressed upregulated DEGs in the basal-like samples

The gene expression atlas (Fig. 44) showed three genes that had high expression levels
observed in most of the PC cell lines namely BUBI, DEPDCI and KIF14 with supportive
boxplots (Fig. 45). Additionally, these genes had shown a correlation with high expression

and low survival rates in the survival curves, as seen in Fig. 43.
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The budding uninhibited by benzimidazole 1 (BUBI) is encoded by the BUBI gene [120]. This
serine/threonine kinase protein plays a vital role in regulating the cell cycle via the recruitment
of various proteins responsible for spindle checkpoints. During a cell division for both mitosis
and meiosis, the correct attachment of a kinetochore allows for a proper cell division into two
separate cells in anaphase. This is monitored by several checkpoints such as BUB1. Hence,
unattachment of the kinetochore will be flagged and there will be a delay in anaphase [121].
This delay is done via signals emitted from the spindle checkpoint proteins. BUBI initiates a
signalling pathway that forms a complex to prevent the activity of the anaphase promoting
complex/cyclosome (APC/C). The inhibition of this complex delays the anaphase process to
allow for the correct attachment of the kinetochore, therefore regulating the cell cycle [121].
Furthermore, the functions are seen in the GO and KEGG pathways for cell division,
serine/threonine kinase activity, mitotic and meiotic segregation, Fig. 42. Table 8 depicts the

expression value of EV and GENT2FC of 0.28 and 0.70, respectively.

When dysregulated, BUBI may have a dual function depending on the type of cancer. It can
either act as an oncogene or a tumour suppressor gene in many cancers such as breast, PDAC,
lung and prostate cancer [122]. The boxplots for BUBI, Fig. 45, shows that there is a high
significant expression in PDAC when compared to the normal samples. Coincidentally,
evidence has suggested the role of a dysregulated cell cycle as a hallmark of PDAC. A study
had shown high expression levels of BUBI in PDAC tissue samples via immunohistochemical
staining of 99 PDAC and 71 normal pancreatic tissues. There was a direct correlation of tumour
size and short survival rate with an upregulation of BUBI, suggesting that BUBI could
potentially be a prognostic biomarker for PDAC and serve as a therapeutic target [123].

Domain Containing 1 (DEPDC1) is a protein that regulates mitotic progression [124]. The
expression of DEPDCI1 has been associated with several diseases including various types of
cancer. It is a prognostic marker for colorectal cancer [125]. The GO annotation includes
GTPase activity which is also seen in Fig. 42b. Recent research has identified DEPDCI as a
tumour-related protein due to being upregulated in cancers and its tumorigenic properties. High
expression was observed in breast cancer tissue samples via immunohistochemical staining
[126]. The overexpression of DEPDCI1 in MCF-7 cells promoted proliferation by regulating
the cell cycle that increased the migration and invasion rate. Furthermore, DEPDCI1
upregulated the PI3K/AKT signalling pathway [126]. Fig. 3 showed the role of

PI3K/AKT/mTOR in growth, translations, proliferation and survival for cancer cells. As
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mentioned previously, the PI3K/AKT pathway is activated in 50% of PDAC patients.
However, the function of DEPDCI in PDAC has yet to be investigated but due to the linkage
seen between DEPDC1 and PI3K/AKT pathway, it can be suggested as a potential biomarker.

Lastly, the Kinesin Family Member 14 (KIF14) is part of the microtubule motor proteins. Their
functionality varies from vesicle transportation, cytokinesis and chromosomal segregation
[127]. This is also seen in the GO plots (Fig. 42). An upregulation of KIF14 has been seen in
retinoblastoma, lung and breast cancer cell lines and therefore, posed as a potential oncogene.
The metastatic role has been investigated in gastric cancer. The upregulation of KIF14 had a
direct link in colony formation, invasion, migration and TNM staging whereas knockdown of
KIF14 reversed the roles [128]. Additionally, high expression was linked to the progression
towards an advanced stage of gastric cancer. Upon knockdown, it was noted that there was a
decrease in AKT phosphorylation. Inhibiting AKT phosphorylation prevents the activation of
the PI3K/AKT pathway. These findings had concluded that KIF14 has a metastatic role in
gastric cancer with poor prognosis [128]. KIF14 was one of the ten hub genes identified in
PDAC that had been linked to progression of cancer through promoting the cell cycle, however,

a wet lab study has yet to be conducted [129].

5.2.4. Signature of co-expressed upregulated DEGs in the classical subtype

samples

Following co-expression analysis, the upregulated DEGs with thresholds towards a 1 displayed
higher interconnection. Based on the network in Fig. 47, PTPRN, SCG3, CAMK2B and MYTIL
DEGs were highly significant. The selected genes were expressed in the classical subtype
which is known to have a higher response rate to therapy and therefore, a good survival rate.
The survival curves for the selected genes show that elevated expression leads to a high survival
rate whereas low expression leads to a low survival rate (Fig. 49.). DE analysis showed that
these genes are being downregulated in the basal-like subtype and as mentioned before, basal-

like show more resistance to treatment with low survival rates.

Protein Tyrosine Phosphatase Receptor Type N (PTPRN) is encoded by the PTPRN gene. This
protein is part of the protein tyrosine phosphatase (PTPs) family which are signalling molecules
that regulate multiple cellular pathways such as cell cycle, growth, differentiation and most
importantly, oncogenic transformation [130]. PTPRN is involved in vesicle-mediated

secretory processes in the pancreatic islets. The GO and KEGG diagrams, Fig. 48, display the
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role in transport vesicles, regulation of type B pancreatic cell proliferation, synaptic vesicle
maturation and type 1 diabetes mellitus. High expression of PTPRN has been linked to
insulinoma and type 1 diabetes mellitus [131]. This may suggest that patients with type 1
diabetes or insulinoma may have a higher chance of developing PDAC. In PDAC, there is a
balanced feedback loop mediated by protein tyrosine kinases (PTKs) and PTPs to activate or
inhibit its target genes [132]. The role of PTPRN has not yet been evaluated directly in PDAC,
however, in lung adenocarcinoma, PTPRN has been linked to poor prognosis and metastasis
via the EMT process by upregulating the MEK/ERK and PI3K/AKT signalling pathways.
Additionally, upregulation of PTPRN decreased the natural killer cell population that is

responsible for exerting natural cytotoxicity against cancerous cells and infections [130].

CAMKZ2B was co-expressed with PTPRN, MYT1L and SCG3. Calcium/calmodulin dependent
protein kinase II beta (CAMK2B) belongs to the serine protein kinase family. CAMK2B has a
structural role in dendritic and synapse formation along with regulating the sarcoplasmic
reticulum transport and the migration of developing neurons [133]. In Fig. 48, the GO and
KEGG processes include sarcoplasmic reticulum, neuron projection, positive regulation of the
dendritic spine morphogenesis and neuroactive ligand-receptor interaction. In PDAC, the role
of CAMK2B has yet to be elucidated, however, it has been expressed in liver cancer. An
inhibitor of CAMK2B, KN-62, had shown suppression effects on the hypoxia-inducible factor
(HIF)-1a which has a role in promoting a hypoxic niche for cancerous cells via angiogenesis
in hepatoma cells. Furthermore, there was a decrease in cancer cell proliferation and growth
[134]. Additionally, high expression was shown to reduce cycle arrests and apoptosis. This
relationship has been observed in colon, breast, prostate and gastric cancer [134]. Despite
being linked to decrease cell cycle arrests and apoptosis in other cancers, the role of CAMK2B
needs to be investigated in PDAC. The survival curve for CAMK2B (Appendix B, Fig. 60)
show that with elevated expression levels, there is a high survival rate for PDAC patients. This
may indicate that in a classical subtype, there is an inverse role of CAMK2B and when
inhibited, there is an increase cell migration and proliferation along with a decrease in survival

rate.

The functions of Secretogranin III (SCG3) and Myelin transcription factor 1 (MYTIL) in
PDAC have not been investigated thoroughly, however, high expression has been linked to

favourable outcomes with low malignancy in patients with glioblastoma [135, 136].
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PTPRN, CAMK2B, SCG3 and MYTI1L expression levels in PDAC have yet to be investigated
and may present as a classical subtype diagnostic biomarkers as each survival curve show high
survival rate with high expression. However, these genes are not expressed in the EV (Table

9) and therefore, not a blood biomarker.
5.3. Machine learning analysis

The RF model consists of classifications and multiple regression trees which are trained with
bootstrap samples and aggregated model results to prevent the model form overfitting and data
generalization. As the trees grow, the new information is included and the impurity is reduced.
The new information comes from randomly shuffling the data provided for the model. In
Alzheimer’s disease, RF identified potential biomarkers and three brain areas that are affected
by disease and classified separately from normal patients [64]. The scores produced in this
study can be seen in Table 10. The precision score for all sample conditions were above 90%,
hence the model correctly predicted the sample class/phenotype, i.e., the PDAC sample node
was predicted to be part of the PDAC sample without the use of the phenotype column.
Furthermore, the model had good values for the recall and accuracy scores. This supports that
the identified potential biomarkers are associated PDAC. Furthermore, an external validation
step was performed to test the trained system. Dataset 1 was used to validate and produced an
average precision score of 0.57. Both datasets were taken from independent studies and pre-
processed differently. Despite having differences in the small sample number (N = 6, P = 10)
when compared to dataset 2, sample extraction from a different geographical location as well
as methodology, the model rate for the correct phenotype prediction and accuracy rates was
57% and 100%, respectively. The low scored values may improve by the inclusion of additional
datasets with larger sample numbers as an external study had performed RFC on datasets with
over 1000 tumour samples in breast cancer [137]. This would provide further validation for the

tested system and display trends that are distinctively observed in PDAC.
5.4. The role of cholesterol in PDAC

Several DEGs mentioned have roles in cholesterol homeostasis. As these genes are
dysregulated in the tumour samples, thus depicting the role of cholesterol in PDAC
development and progression. As mentioned previously, LAMC2 was upregulated in the
tumour samples and is known to regulate the expression of ATP-binding cassette (ABC)

transporters including ABCA1 in PDAC, and IL6 is known to induce expression of ABCAI.
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Increasing studies have shown the role of cholesterol in cancer and its involvement in multidrug
resistance (MDR). The ABC family has various biological roles and regulates multiple
pathways. ABC transporters export various molecules such as hormones, sugars, lipids and
vitamins [138]. However, elevated expression levels are observed in many cancers. ABCA1
protein is a lipid transporter that is produced by many tissues including the liver tissue. Its
normal function exports cholesterol and phospholipids out of the cells for cellular lipid

homeostasis.

Notably, high cholesterol levels have been observed in many cancers. High cholesterol causes
an increase in lipid rafts that are known to function cellular signalling pathways, adhesion,
differentiation and apoptosis [139]. The presence of lipid rafts provides hub signals for
inducing EMT. Signalling pathways include the Wnt/B-catenin, Shh and TGF- pathways,
which have been previously described. Furthermore, PKM and IL6 (upregulated in the
advanced stage) contribute towards a hypoxic niche. An increase in hypoxia has been shown
to increase cholesterol, which in turn supports EMT proteins. Hence, it has been suggested that
hypoxia-induced EMT may have a role in facilitating cholesterol synthesis. This has been
supported by experiments whereby hypoxic induced cells promoted the coalesces of lipid rafts
and therefore, activating the EMT signalling partway to aid in invasion and metastasis [139].
Additionally, cholesterol has a role of regulating the expression of MDR efflux transporters as
it is a transcriptional regulator. Drug resistance was also observed in the hypoxic-induced cells
as it influences the activity of MDR transporters for the regulation of anti-apoptotic proteins

and cancer cell senescence [139].

The DEGs mentioned in the PDAC samples have been linked to the synthesis of cholesterol
due to the proteins and signalling pathways that promote EMT and drug resistance. This shows
that various upregulated DEGs, when expressed, have a connection in promoting the synthesis

of cholesterol in PDAC. Hence, the role of cholesterol in PDAC must be explored.
6. Conclusion

Biomarker discovery plays a pivotal role in correct diagnosis and prognosis of a disease. PDAC
is a type of a deadly cancer with high mortality rate linked to poor prognosis. Bioinformatic
analysis was performed in this study to aid in improving the diagnosis and prognosis of PDAC.
The stage and subtype of disease also plays a major part in the high mortality rate. Hence, this
study was focused on identifying potential biomarkers in PDAC, its stage and subtype. DE and
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co-expression analysis was done on datasets that met the required program conditions. The
common DEGs from datasets 1 and 2 were identified to represent universal biomarkers as
patient samples were extracted from various countries. The significant tumour DEGs included
S100411, PKM, GPRC54 and ITGA2. S100411 and GPRC5A that have roles in infiltration
and progression of cancer as well as resistance to treatments. PKM increases proliferation and
migration via activating angiogenesis. /7GA2 allows for ECM remodelling, enhancement of
cellular transformation and tumorigenic environment. These DEGs are also blood biomarkers
due to their presence in the EVs. Lastly, LAMC2 supports EMT phenotype, GEM resistance,
decreased apoptosis and increased ABCA1 expression. The advanced stage had two DEGs,
KRTI13 and IL6. These DEGs have tumorigenic properties as well target c-Myc and cyclin Ds
to push the cell cycle pass checkpoints. This shows the role in progressing the cancer to a
metastatic stage. The basal-like showed DEGs (CAV1, DCVLDZ2 and TGFB?2) involved in both
GEM and 5-FU resistance along with promoting EMT phenotype and stromal heterogeneity.
Furthermore, the common DEGs present in the basal-like and advance stage would assist in
understanding the link between subtype and stage. This included WNT34, TP63, KRT13 and
IGF2BP. The signalling pathways activated by these DEGs promote cancer stem cell pathways,
angiogenesis and stimulates PanIN progression towards an adenocarcinoma. Co-expression
analysis for the tumour sample had KIF4A4, SPAG5, RRM?2 and AURKA DEGs that interacted
with the Wnt pathway. KI/F44 and RRM?2 had a role in bypassing cell cycle checkpoints, DNA
synthesis and repair. Co-expression of the basal-like subtype revealed BUBI, DEPDCI and
KIF14 DEGs. BUBI expression is a hallmark for PDAC and acts as an oncogene by promoting
cell cycle progression. DEPDCI is upregulates the PI3K/AKT signalling pathway for
migration and invasion. Lastly, KIF 14 expression is used for the TNM staging and a hub gene
for PDAC. The classical subtype had PTPRN which increases EMT phenotype and decrease
natural killer cells and CAMK2B that is known to create a hypoxic niche in liver cancer, leading

to angiogenesis.

Table 11 | A summary of the identified DEGs in this study for PDAC, its subtype and stage

of disease for biomarker usage.

DEGs PDAC biomarker Blood biomarker
(extracellular vesicles)

SI100A11 Prognostic biomarker [140] YES

PKM Potential biomarker YES
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GPRC5A Prognostic biomarker [84] NO

ITGA2 Potential diagnostic and YES
prognostic biomarker [85]

LAMB3 Potential diagnostic and NO
prognostic biomarker [85]

LAMC2 Potential diagnostic and NO
prognostic biomarker [85]

Advanced stage of PDAC

KRT13 Potential new biomarker NO

IL-6 Inflammatory biomarker NO
[141]

Basal-like subtype of PDAC

CAV1 Prognostic biomarker [142] YES

DCBLD2 Diagnostic biomarker [96] NO

TGFB2 Prognostic biomarker [143] YES

Basal-like subtype and advanced stage of PDAC

Wnt Prognostic biomarker [144] NO

p63 Prognostic biomarker [145] NO

IGF2BP Potential new biomarker YES

KRT13 Potential new biomarker NO

Co-expressed DEGs in PDAC

KIF4A Potential new biomarker YES

SPAGS Potential new biomarker YES

RRM?2 Prognostic biomarker [112] NO

AURKA Prognostic biomarker [146] YES

Co-expressed DEGs in basal-like PDAC

BUBI Prognostic biomarker [147] YES

DEPDCI1 Potential new biomarker NO
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KIF14 Prognostic biomarker [148] YES

Co-expressed DEGs in classical PDAC

PTPRN Potential new biomarker NO
CAMK2B Potential new biomarker NO
SCG3 Potential new biomarker NO

This workflow used in this study was able to identify several existing biomarkers as well as
new potential biomarkers (7able. 11). These potential biomarkers have significant roles in
promoting cancer progression, aggression and resistance. Hence, may serve as a less invasive

method for early diagnosis and improvement in treatments to increase the patient survival rate.
7. Future research

This study was performed to contribute towards gaining a deeper understanding of PDAC in
the research field specifically in terms of genes being expressed in the tumour samples, stage
and subtype to assist in biomarker discovery for improvements in terms of diagnosis and
prognosis of disease. Through computational analysis, DEGs relevant to a compared condition
were analysed along with in-silico validation research. However, a wet laboratory component
would provide substantial support for the accuracy of this workflow and its results. This
workflow narrowed down the search for the prime genes involved in tumour progression and
drug resistance. This would be validated further with the use of RT-PCR (expression profiles
of genes) and western blots to detect the presence of these proteins in PDAC patient’s tumour
and blood samples through the use of polyacrylamide gels and immunoblotting which utilizes
enzymes, primary and secondary antibodies [149]. Lastly, as genes involved in drug resistance
were identified, silencing or downregulating their expression in PC treated cell lines may be
performed to see improvements in the efficacy of treatment and understanding the role of
cholesterol in EMT and drug resistance. Hence, in-vitro and possibly in- vivo analysis would
provide a strong foundation for the output of this workflow to establish these genes as
biomarkers for PDAC diagnosis and prognosis. Thereafter, further validation of these
biological biomarkers can be done with the use of patients’ samples to determine their

sensitivity and specificity rate.
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8. Limitations of the study

This study had used available RNA-sequence data from open-source repositories. There was
variability present due to these being patient data. A filtering step was performed to produce
unique clustering per comparison condition. The removal of samples may remodel the
biological information depending on the expressed genes. Furthermore, pre-existing diseases,
disorders or intake of medications were not taken into consideration. These factors may have
an impact on the expressed genes at the time of sequencing. This can be rectified by performing
in-house sequencing on selected PDAC patients by taking account of the type of diseases,
disorders, medications, and clinical characteristics for grouping. Analysis can be done per
group to reduce the variance in the sample sets and therefore providing unique clustering in the

PCA plots per compared condition.

Furthermore, datasets 1 and 2 differ in file format. Dataset 1 was downloaded as raw fastq files
whereas dataset 2 was a count matrix file obtained from TCGA. The datasets used in this study
were acquired through a rigorous search from multiple databases (EBI/EMBL) and published
articles, showing the lack of resources and gap between PDAC and bioinformatic analysis. This
current study was aimed to contribute towards the understanding of PDAC in the medical
research field by analysing available and suitable sequencing files. Dataset 1 had used HISAT2
for alignment whereas dataset 2 used Bowtie2. Bowtie?2 is a fast aligner, however, the limitation
comes when short reads are present and may not be aligned correctly. HISAT2 had a 99.08%
alignment sensitivity rate and Bowtie2 had a 97.68% rate, respectively [56]. Although the
differences in alignment does not vary significantly, this variability can be prevented by
performing in-house sequencing on PDAC patients and pre-processed in the same structure. A
larger dataset was not available in a fastq file format for PDAC, hence the dissimilarity in the

pre-processing of files does display a limitation in this study.
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10. Appendices
10.1. Appendix A: Fastq Files

10.1.1. FastQC files for dataset 1
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Figure 52 | Untrimmed FastQC files for dataset 1. The box and whisker plots show the quality scores
across all bases per position in read (bp) and score value (y-axis). The graph has three colour coded
regions, corresponding to the Y-axis scores. A good base call will have a high score value which is
placed in the green region going towards the yellow region. A bad base call will have a lower value in
the red region. It can be seen that each untrimmed Fastq file had a decrease in base call score towards

the end of the cycle.. Graph produced by FastQC (command line and Python).
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Figure 53 | FastQC files for trimmed samples used in dataset 1. The box and whisker plots show the
quality scores across all bases per position in read (bp) and score value (y-axis). The graph has three
colour coded regions, corresponding to the Y-axis scores. A good base call will have a high score value
which is placed in the green region going towards the yellow region. A bad base call will have a lower
value in the red region. All trimmed sample files were used for downstream analysis as each sample

produced a satisfactory quality control plot. Graph produced by FastQC (command line and Python).

10.2. Appendix B: Individual survival curves
10.2.1. Normal versus tumour samples

Common up-regulated tumour survival curves
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Figure 54 | Kaplan-Meier survival curves for each common upregulated tumour DEGs. Graph show
the probability of survival versus the time (months). The hazard ratio (HR) serves as a measurement of
the magnitude for the difference between the two curves in each plot. HR shows the hazard reduction
obtained by drug studies that is compared to the hazard reduction for the control of the study. Logrank
P value represents the average P-value, showing the statistical significance. The black line shows the
probability of survival with low gene expression whereas the red line displays the probability of survival
with high gene expression. DEGs with insignificant P values were discarded: SLC411 and ULBP2. KM
plotter did not produce a plot for: BLACATI. Graph produced by Kaplan-Meier plotter version
2022.08.23.

10.2.2. Early versus advanced stage
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Figure 55 | Kaplan-Meier survival curves for each upregulated advanced stage DEGs. Graph show the
probability of survival versus the time (months). The hazard ratio (HR) serves as a measurement of the
magnitude for the difference between the two curves in each plot. HR shows the hazard reduction
obtained by drug studies that is compared to the hazard reduction for the control of the study. Logrank
P value represents the average P-value, showing the statistical significance. The black line shows the
probability of survival with low gene expression whereas the red line displays the probability of survival
with high gene expression. DEGs with insignificant P values were discarded: CLCA2, PPBP, ERMN,
FGF11, ITGB3, LOC101927354, KCNQS5, NDUFA4L2, SENA3D and CDH13. KM plotter did not
produce a plot for: LINC01468. Graph produced by Kaplan-Meier plotter version 2022.08.23.

10.3. Classical subtype versus basal-like subtype.
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Figure 56 | Kaplan-Meier survival curves for each upregulated basal-like subtype DEGs. Graph show
the probability of survival versus the time (months). The hazard ratio (HR) serves as a measurement of
the magnitude for the difference between the two curves in each plot. HR shows the hazard reduction
obtained by drug studies that is compared to the hazard reduction for the control of the study. Logrank
P value represents the average P-value, showing the statistical significance. The black line shows the
probability of survival with low gene expression whereas the red line displays the probability of survival
with high gene expression. DEG with an insignificant P value was discarded: CLCA2. KM plotter did
not produce a plot for: MIG7 and MIR205HG. Graph produced by Kaplan-Meier plotter version
2022.08.23.

10.4. WGCNA: Co-expression analyses of dataset 2
10.4.1. Tumour upregulated DEGs

141



Figure 57 | Kaplan-Meier survival curves for each tumour upregulated DEGs selected based on the co-
expressed network. Graph show the probability of survival versus the time (months). The hazard ratio
(HR) serves as a measurement of the magnitude for the difference between the two curves in each plot.
HR shows the hazard reduction obtained by drug studies that is compared to the hazard reduction for
the control of the study. Logrank P value represents the average P-value, showing the statistical
significance. The black line shows the probability of survival with low gene expression whereas the red
line displays the probability of survival with high gene expression. Graph produced by Kaplan-Meier
plotter version 2022.08.23.

10.4.2. Normal upregulated DEGs
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Figure 58 | Kaplan-Meier survival curves for each normal upregulated DEGs selected based on the co-
expressed network. Graph show the probability of survival versus the time (months). The hazard ratio
(HR) serves as a measurement of the magnitude for the difference between the two curves in each plot.
HR shows the hazard reduction obtained by drug studies that is compared to the hazard reduction for
the control of the study. Logrank P value represents the average P-value, showing the statistical
significance. The black line shows the probability of survival with low gene expression whereas the red
line displays the probability of survival with high gene expression. DEG with an insignificant P value

was discarded: SYCN. Graph produced by Kaplan-Meier plotter version 2022.08.23.

10.4.3. Basal-like subtype upregulated DEGs
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Figure 59 | Kaplan-Meier survival curves for each Basal-like subtype upregulated DEGs selected based
on the co-expressed network. Graph show the probability of survival versus the time (months). The
hazard ratio (HR) serves as a measurement of the magnitude for the difference between the two curves
in each plot. HR shows the hazard reduction obtained by drug studies that is compared to the hazard
reduction for the control of the study. Logrank P value represents the average P-value, showing the
statistical significance. The black line shows the probability of survival with low gene expression
whereas the red line displays the probability of survival with high gene expression. DEG with an
insignificant P value was discarded: USHIG. Graph produced by Kaplan-Meier plotter version
2022.08.23.

10.4.4. Classical subtype upregulated DEGs

Figure 60 | Kaplan-Meier survival curves for each classical subtype upregulated DEGs selected based
on the co-expressed network. Graph show the probability of survival versus the time (months). The
hazard ratio (HR) serves as a measurement of the magnitude for the difference between the two curves
in each plot. HR shows the hazard reduction obtained by drug studies that is compared to the hazard
reduction for the control of the study. Logrank P value represents the average P-value, showing the
statistical significance. The black line shows the probability of survival with low gene expression

whereas the red line displays the probability of survival with high gene expression. DEGs with
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insignificant P values were discarded: CPB1 and CELA2B. Graph produced by Kaplan-Meier plotter
version 2022.08.23.
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