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ABSTRACT

Aims: Pancreatic cancer is a major disease to fatalities 
worldwide. To understand its molecular mechanisms 
is crucial for improving diagnosis and treatment. We 
aim to identify key biomarkers and biological pathways 
associated with pancreatic adenocarcinoma using RNA 
sequencing data from The Cancer Genome Atlas (TCGA). 
To analyze differentially expressed genes in pancreatic 
cancer, performed enrichment analysis to uncover crucial 
biological processes and cellular components, evaluated 
the impact of identified genes on patient survival and 
prognosis.

Methods: We examined RNA sequencing data from 
TCGA to identify differentially expressed genes (DEGs), 
crucial biological processes, and cellular components 
associated with pancreatic cancer. Enrichment analysis 
was conducted to pinpoint significant genes involved in 
various pathways, and survival analysis was performed 
to assess the impact of these genes on patient outcomes.

Results: Our analysis identified several significant genes 
linked to pancreatic cancer, including EDN1, KDM1A, 
KDM5D, KDM6A, NLGN4Y, RASGRP, SQLE, TMSB4Y, 
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TNF, USP9Y, 1UTY, and ZRSR2. Notably, Ras guanyl 
nucleotide-releasing protein (RASGRP), tumor necrosis 
factor (TNF), and ZRSR2 showed lower expression 
levels than normal tissues, while KDM1A and KDM3A 
were significantly overexpressed, correlating with poor 
prognostic outcomes. Survival analysis indicated that 
EDN1, KDM1A, RASGRP, and squalene epoxidase (SQLE) 
are associated with mortality risk or disease recurrence.

Conclusion: Our findings highlight key biomarkers and 
pathways involved in pancreatic cancer, emphasizing the 
potential of KDM1A and KDM3A as therapeutic targets. 
By identifying these biomarkers, we aim to contribute 
to developing targeted therapies that could enhance 
patient prognoses and improve treatment strategies for 
pancreatic cancer.
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INTRODUCTION

Pancreatic cancer, also known as pancreatic 
adenocarcinoma (PAAD), is a type of cancer that 
affects the cells of the pancreas. It occurs slightly more 
frequently in men than in women [1]. Several risk factors 
such as cigarette smoking, and age are related to PAAD 
occurrences [2]. Certain inherited gene mutations in 
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familial pancreatitis or hereditary breast and ovarian 
cancer syndromes can increase the risk of pancreatic 
cancer [3]. Higher risk of PAAD is also have direct 
association with especially type 2 diabetes patients [4]. 
Individuals with chronic inflammation of the pancreas 
and viral infections like hepatitis B or C have also shown 
features linked with pancreatic cancer [5]. Genetic 
mutations such as SMAD4 affected DNA repair, CDKN2A 
disrupted cell cycle and alterations in DNA repair 
mechanism contributes in progression of pancreatic 
cancer [6]. Disruption in DNA repair pathway leads to 
alterations in DNA methylation, histone modification, 
and non-coding RNA expression that causes pancreatic 
cancer [7]. The epigenetic changes can affect the 
expression of genes involved in critical cellular processes, 
such as cell growth, differentiation, and apoptosis, 
consequently promote pancreatic cancer. Epigenetic 
changes in pancreatic cancer show poor prognosis and 
resistance to chemotherapy [8]. To overcome this issue 
we should emphasize to understand the mechanisms 
of causes and thrive for developing effective therapies. 
Pancreatic adenocarcinoma can be of several types based 
on location and cells in pancreas [9]. Due to rapid spread, 
invasiveness, and complex genomics of PAAD make it 
difficult to treat [10]. Despite these challenges, surgery, 
chemotherapy, and radiation therapy treatment are 
available to teat PAAD [11].

The ductal cells of the pancreas are the primary cells 
affected by pancreatic ductal adenocarcinoma [12]. A 
pancreatic neuroendocrine tumor causes symptoms like 
flushing, diarrhea, and low blood sugar, when functional, 
while non-functional tumors invariably grow to affect 
nearby tissues [13]. Less common types of pancreatic 
cancer include acinar cell carcinoma, adenosquamous 
carcinoma, and solid pseudopapillary neoplasms [14]. 
Based on diagnosis and cancer stage treatment of 
pancreatic cancer can be performed with various type of 
allopathic methods [15]. Palliative care is recommended 
for advanced stage pancreatic cancer that is not suitable 
for surgery. Main purpose of palliative care is to improve 
quality of life by addressing symptoms like pain, nausea, 
and fatigue through pain management, nutritional 
support, and other therapies [16].

Many genes such as tumor suppressor genes, 
oncogenes, and gens involved in epigenetic modification 
have shown mutation in pancreatic cancer patients [17]. 
There are targeted therapies available for identification 
and regulating the genes causing PAAD [18]. Recurrence 
risk of PAAD in high, to control this risk identification 
of biomarkers that predict recurrence risk can help guide 
treatment decisions and improve patient outcomes [19]. 
RNA-Seq analysis is a powerful tool that can be used to 
identify these biomarkers. Analysis of RNA-Seq data can 
help us to understand the gene expression and molecular 
changes associated with PAAD [20]. RNA-Seq-based 
identification of DEGs in PAAD can help to understand 
the molecular mechanisms underlying this deadly disease. 
Differentially expressed genes enrichment analysis helps 

to identify biological processes, molecular functions, and 
cellular components that are overrepresented in a set 
of genes. RNA-Seq analysis may clarify the functional 
significance of the identified DEGs and enhance our 
overall understanding of the mechanisms underlying 
PAAD [21, 22].

Pancreatic cancer, specifically PAAD, poses significant 
treatment challenges due to its rapid spread and complex 
genomics. This study aims to identify key biomarkers 
and pathways associated with PAAD through RNA-Seq 
analysis, hypothesizing that specific DEGs will correlate 
with disease progression and treatment response. By 
elucidating the molecular mechanisms underlying PAAD, 
we seek to enhance diagnostic accuracy and therapeutic 
strategies, ultimately improving patient outcomes.

MATERIALS AND METHODS

Expression and clinical data collection 
from TCGA

Transcriptomic profiling data of pancreatic cancer was 
collected from the Cancer Genome Atlas (TCGA) and the 
Genomic Data Commons (GDC). We have downloaded 
the TCGA data by using TCGA biolinks [23] an R package 
directly from GDC. Transcriptome profile data were 
collected from TCGA-PAAD project. Gene expression 
quantification of pancreatic cancer data had been done 
with RNA-Seq experimental strategy or technology, for 
both tumor and normal tissue samples. Pancreatic cancer 
data also have information on many clinical features 
such as gender, type, race, and tumor stage that can be 
used to correlate gene expression patterns with clinical 
outcomes. We have downloaded 182 count cases out of 
which 178 were primary tumor and 4 were normal count 
cases. Gender wise pancreatic cancer was observed in 82 
females and 100 males. All the material and methods were 
performed in R v4.2.3 environment (https://www.R-
project.org/) [24] and Bioconductor [25] package.

Data preprocessing and normalization
RNA-Seq data often exhibit significant noise and 

variability, influenced by factors such as read length, 
sequencing depth, and library preparation. Effective 
preprocessing is essential to eliminate this noise and 
variability, allowing for the detection of genuine biological 
signals and correction of biases, making the data 
comparable across different samples. This preprocessing 
smoothens the data, facilitating a more straightforward 
analysis of DEGs. For preprocessing of data we used 
edgeR [26] and voom [27] R packages. We have also used 
limma [28] and DESeq2 [29] an R package for DEGs 
analysis.

After preprocessing the data normalization process 
was performed. We used limma R package [28] and 
trimmed mean of M-values (TMM) method [30] for 
data normalization. The TMM method determines 
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scaling factors for each sample by analyzing the 
distribution of gene expression data. R package voom 
was used to normalize RNA-Seq data by converting 
read counts to log2-counts per million (logCPM) values, 
and then fitting a linear model to the logCPM values. 
Data normalization was performed before conducting 
any downstream analysis. The Cancer Genome Atlas 
biolinks package was used to download the raw count 
RNA-Seq data [23]. A statistical method mean-variance 
trend (MVT) was used to mean variance the data [27]. 
The MVT is a statistical method that plots the mean-
variance trend of the data. The variance across data 
stabilized and noise in the data were reduced by 
filtering low-expression genes.

Unsupervised classification of RNA-Seq 
data

Following normalization, we partitioned the data 
into training and testing sets. We proceeded to train an 
Elastic Net model [31], a generalized linear model that 
effectively merges the strengths of Ridge Regression [31] 
and LASSO [32]. After training, we assessed the model’s 
performance which demonstrated exceptional accuracy, 
with sensitivity, specificity, and precision all achieving a 
perfect score of 1. We identified the relevant genes that 
exhibited non-zero coefficients. We used unsupervised 
learning method to identify patterns and structures in 
the data. Principal component analysis (PCA) method 
was used to identify differentially expressed genes among 
subtypes of pancreatic cancer [33]. We also employed the 
caret R package [34], which offers a range of methods for 
training and testing machine learning models, as well as 
evaluating their performance. Additionally, the glmnet R 
package [35] was utilized to fit generalized linear models, 
enabling us to analyze high-dimensional gene expression 
data effectively. Differentially expressed genes were 
analyzed using limma [28], edgeR [26], and DESeq2 
[29] R packages. Cutoff values of log2|fold change|>1 
and a false discovery rate of <0.05 were set for the DEGs 
identification.

Survival analysis of pancreatic cancer 
data

Survival analysis was employed to examine mortality 
and the progression of disease in patients with pancreatic 
cancer. An R package SummarizedExperiment [36] was 
utilized to integrate gene expression, clinical information, 
and genomic annotations. Another method, “survival” R 
package [37], was used for cancer data survival analysis 
and visualization. The Cox analysis [38] was deployed 
to identify relationship between gene expression and 
patient survival. Another package survminer [39] was 
used to visualize and summarize the survival data. 
Survival analysis hazard ratio (HR) and p value at p < 
0.05 considered significant for data analysis.

Enrichment analysis and data visualiza-
tion

Differentially expressed genes were analyzed by 
enrichR [40] for enrichment analysis. Gene ontology [41] 
function was used to identify the genes associated with 
biological process, cellular components, and molecular 
functions. Enrichment for Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway [42] and WikiPathway 
[43] was also performed. Cytoscape [44], a robust 
network analysis platform, has facilitated the creation 
of a network that elucidates the complex interplay of 
multiple signaling pathways in pancreatic cancer. The 
pathway findings reveal critical interactions and potential 
therapeutic targets that may enhance our understanding 
of disease mechanisms. Analyzed RNA-Seq data were 
visualized by different plots by using gplots [45], 
ggplot2 [46], cowplots [47] packages. For the interactive 
visualization of gene expression data we used Glimma R 
package [48]. RColorBrewer [49] is an R package that 
provides a collection of color palettes for creating visually 
appealing plots.

RESULTS

We employed several statistical methods to ensure 
transparency and clarity in our results. P-values were 
calculated to assess the significance of differences in gene 
expression, with a threshold set at p < 0.05. Confidence 
intervals were determined for mean expression levels to 
provide a reliable range for the true mean. Differential 
expression analysis was conducted using the limma 
package, which utilizes linear models and empirical 
Bayes methods. Principal component analysis was 
performed to visualize variance and distinct patterns in 
gene expression across conditions, while cross-validation 
was implemented to evaluate the classification model’s 
performance, achieving high sensitivity, specificity, and 
precision.

Mean variance and PCA analysis
Our result shows the mean-variance trend for two 

different tissue types: primary tumor and normal tissue. 
Mean expression level of data were shown in the x-axis 
of plot as the base log2, while the y-axis represented the 
square root of the variance (Figure 1A). There was a clear 
separation of primary tumor and normal tissue samples 
based on different expression level.

Gender-specific differences in cancer dataset were 
studied between male and female. Expression pattern 
for both gender shows cancer in males was more 
variable compared to females. This trend of higher 
degree of variance in male is male-specific factors in 
pancreatic cancer data. The MVT for females shows 
a more consistent pattern along the expression level 
across samples (Figure  1B). Result shows the variance 
of highly expressed genes tends to increase with higher 
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mean expression value. Relationship between variance 
and mean expression level helps to predict the best 
differential expression. The MVT for pancreatic cancer 
types is shown in Figure 1C and MVT plot based on race 
are shown in Figure 1D. Result shows the consistency 
between the variance and the mean expression pattern of 
pancreatic cancer.

Principal component analysis based on condition 
variable definition shows distinction between primary 
solid tumor and solid tissue normal. It captures the spread 
between ranges of −200 to 100 in primary solid tumor. It 
plots of PC1 versus PC2 shows higher number of tumor 
and very less number of normal tissues (Figure 1E).

Gender-specific pattern of RNA expression profile 
was also plotted using PCA. Two main component PC1 
and PC2 cover a spread of –250 to 100 for both the 
genders. Male-specific cancer samples were higher 
compare to female (Figure 1F). There was some degree 
of heterogeneity observed within tumor samples. This 
indicates that not all pancreatic tumors are the same, and 
there are subtypes of pancreatic cancer having different 
expression profile (Figure 1G). Finding shows there are 
cancer at body, head, tail, overlapping lesion, and nitric 
oxide synthase (NOS) of pancreas. We have also plotted 
the result for pancreatic cancer based on race condition. 
Principal component analysis result shows the race-
wise samples have a well-separated RNA expression 
profile. Higher spread of cancer was observed in white 
people while Asians, Black or African American, and for 
others show less number of cancer patient (Figure 1H). 
Inflammation and immune response genes were 
strongly expressed in females, while DNA repair and 
cell proliferation genes were higher in males, indicating 
distinct molecular mechanisms for pancreatic cancer 
progression and potential for personalized therapies.

Classification and hierarchical  
clustering of RNA-Seq data

We split the data into training and testing sets to 
train a classification model and evaluate its performance 
on unseen data. Using cross-validation, the model 
achieved perfect scores of 1 for sensitivity, specificity, and 
precision, indicating high accuracy in classification. This 
research examined RNA-Seq data from pancreatic cancer 
patients alongside healthy controls, focusing on 21,384 
DEGs. These DEGs were categorized into upregulated 
and downregulated genes based on their expression 
levels. We employed a hierarchical clustering algorithm 
to group our samples, utilizing classifications determined 
by the Elastic Net model. In the resulting visualizations, 
genes marked in red represent normal solid tissues, black 
highlights indicate primary solid tumors, while the green 
highlights denote genes also identified by the limma 
package. To illustrate the gene expression patterns within 
the clusters, we created a heatmap using the limma gene 
heatmap function, revealing distinct expression profiles 
across the different gene categories (Figure 2A).

Figure 1: Voom normalized data and principal component 
analysis plots. Mean variance trend (MVT) plots illustrating the 
relationship between mean expression levels and variance across 
various conditions. (A) Mean variance trend comparing primary 
tumor samples to normal tissue samples. (B) Mean variance 
trend differentiated by gender, highlighting male and female 
samples. (C) Mean variance trend categorized by pancreatic 
cancer types, providing insights into expression variability 
among different cancer subtypes. (D) Mean variance trend 
based on race, showcasing expression differences across racial 
groups. The x-axis represents the log2 of the mean expression 
level, while the y-axis displays the square root of the variance: 
PCA plots for the first two principal components, highlighting 
the clustering of samples based on distinct characteristics. (E) 
Principal component analysis plot comparing tumor tissue 
to healthy tissue, demonstrating separation between the two 
groups. (F) Principal component analysis plot stratified by 
gender, revealing any gender-based clustering. (G) Principal 
component analysis plot based on pancreatic cancer types, 
indicating differences in gene expression profiles across 
subtypes. (H) Principal component analysis plot categorized 
by race, showing how race influences expression patterns. The 
x-axis represents the first principal component, while the y-axis 
represents the second principal component.

Differentially expressed genes and  
enrichment analysis

Differentially expressed genes in human pancreatic 
cancer were illustrated using both a volcano plot and an 
enhanced volcano plot (Figure 2B and C). The volcano plot 
features the log2 fold change of gene expression on the 
x-axis and the negative log10 of the p-value on the y-axis 
(Figure 2B). The log2 fold change indicates variations in 
gene expression between the two conditions, while the 
p-value represents the statistical significance of these 
differences. A smaller p-value signifies a more substantial 
disparity in expression levels.
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In the enhanced volcano plot, additional information 
is incorporated into the standard volcano visualization. 
Beyond displaying log2 fold change and p-value, enhanced 
volcano plots include gene annotations such as gene 
names, pathways, and functional roles. This enriched 
visualization facilitates the identification of the biological 
processes influenced by differentially expressed genes. 
Each point in the enhanced volcano plot corresponds to 
an individual gene, with the color coding indicating the 
level of significance. Genes demonstrating a high log2 
fold change and a low p-value are represented in red, 
while those with a low log2 fold change and a high p-value 
are shown in blue. Genes with intermediate values are 
marked in gray or green (Figure 2C).

We conducted an enrichment analysis on the DEGs to 
assess whether they are associated with specific biological 
functions. This analysis revealed the biological pathways, 
cell types, and molecular functions that are significantly 
impacted by pancreatic cancer. The gene ontology 
enrichment indicated that key biological processes 
(Figure 3A), cellular components (Figure 3B), and 
molecular functions (Figure 3C) are notably influenced 
by pancreatic cancer.

The research aimed to investigate the pathways 
affected by this type of cancer. We identified the most 
significantly altered KEGG pathways (Figure 3D), 
Reactome pathways (Figure 3E), and WikiPathways 

(Figure 3F) associated with human pancreatic cancer. 
Our findings highlighted that pathways related to 
histone demethylation, chromatin modification, and 
TNF & T cell signaling were particularly enriched 
among the differentially expressed genes. Since these 
pathways play a crucial role in cancer development 
and progression, recognizing their involvement in 
pancreatic cancer enhances our understanding of the 
disease.

Figure 2: Gene HeatmapDendogram and differentially 
expressed genes. (A) HeatmapDendogram visualizes the 
clustering of pancreatic cancer samples through hierarchical 
clustering. Red samples represent solid normal tissue, while 
black samples indicate primary solid tumors. Genes identified 
as differentially expressed are highlighted in green. Upregulated 
genes are shown in maroon, while downregulated genes are 
depicted in blue, based on z-scores. This visualization aids in 
understanding the expression profiles and relationships among 
different samples. (B) The standard volcano plot highlights 
the top ten differentially expressed genes, labeled in blue. 
(C) The enhanced volcano plot emphasizes genes meeting 
both FDR and log fold change thresholds, with red indicating 
upregulation and blue indicating down regulation. The volcano 
plot effectively visualizes statistical significance (p-value) 
against the magnitude of change (fold change), identifying the 
most biologically impactful genes.

Figure 3: Enrichment analysis shows top terms from gene 
ontology and pathways. Bar chart displays the top enriched 
terms from the gene ontology analysis for biological processes, 
cellular components, and molecular functions. (A) Gene 
ontology biological process 2023, (B) Gene ontology cellular 
component 2023, and (C) Gene ontology molecular function 
2023 is represented. The top ten enriched terms are shown 
based on −log10 (p-value), with actual p-values indicated next 
to each term. The term at the top reflects the most significant 
overlap with the input gene set, providing insights into the 
biological relevance of the identified genes. (D) KEGG 2021 
human, (E) Reactome 2022, and (F) WikiPathway 2021 human 
gene set libraries. The top ten enriched terms are displayed 
based on −log10 (p-value), with actual p-values provided. 
The leading term indicates the most significant overlap with 
the input gene set, highlighting critical pathways involved in 
pancreatic cancer.

Gene network and pathway analysis
The result shows that key pathways involved in PAAD 

include the notch-mediated HES-HEY network (Figure 
4A), regulation of Ras family activation (Figure 4B), and 
EGFR-dependent endothelin signaling events (Figure 
4C). Endothelins, which regulate blood pressure and cell 
proliferation (Supplementary Figure SF1), are involved in 
the TCR signaling network in naïve CD8 T-cells affected 
by PAAD. T-cell receptor (TCR) signaling in T cells is 
crucial for immune function (Supplementary Figure SF2). 
In PAAD, changes in TCR signaling may lead to immune 
dysfunction and tumor evasion, enabling cancer cells to 
grow and spread unchecked.
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Research on pathways involved in pancreatic cancer 
development has identified two key pathways. The 
first, WP197, is the cholesterol biosynthesis pathway in 
human (Supplementary Figure SF4A), responsible for 
cholesterol production, essential for cell membranes 
and various important molecules. The second pathway 
is WP732 (Supplementary Figure SF4B), involving 
serotonin receptor 2 and ELK-SRFGATA4 signaling in 
Homo sapiens. Serotonin, a neurotransmitter, plays a 
role in mood regulation, sleep, and appetite.

Survival analysis of pancreatic cancer 
data

The relationship between time and survival 
probability for differentially expressed genes of 
pancreatic cancer visualized through Kaplan–Meier 
(KM) plots (Supplementary Figure SF5). Result shows 
that there is similar trend in survival probability of male 
and female until the 700 day mark, after that it got worse 
(Supplementary Figure SF5A). We tested event curves 
using the logrank test, a statistical method for comparing 
survival curves of multiple groups to identify significant 
differences. This test assumes group independence and 
is conducted over time intervals. The plot indicates that 

Figure 4: Signaling pathways in pancreatic cancer. This figure 
illustrates key signaling pathways implicated in pancreatic 
cancer. (A) The notch-mediated HESHEY network, critical 
for cell differentiation, and development. (B) The regulation 
of Ras family activation, depicting mechanisms that control 
the activation of Ras proteins, essential for cell signaling and 
proliferation. (C) The EGFR-dependent endothelin signaling 
pathway, which plays a role in various cellular processes, 
including survival, proliferation, and migration.

Figure 5: Survival analysis of individual genes. This survival 
analysis plot examines the impact of individual gene expression 
on patient survival in pancreatic cancer. Each panel (A–L) 
represents a different gene (e.g., EDN1, KDM1A, KDM5D, 
etc.), with the x-axis indicating time in months and the y-axis 
representing survival probability. The curves differentiate 
between patients with high and low gene expression, illustrating 
how expression levels affect survival outcomes. The log-rank 
p-value indicates the significance of survival differences between 
groups, while the hazard ratio (HR) quantifies the relative risk 
of death or recurrence, with HR values greater than 1 suggesting 
increased risk among patients with higher gene expression.

Figure 6: Analysis of individual gene effects at various stages of 
cancer. This figure illustrates the impact of individual genes on 
cancer progression from normal tissue to stage IV pancreatic 
cancer. It highlights changes in gene expression levels at each 
cancer stage, showcasing how the expression of genes such as 
(A) EDN1, (B) KDM1A, (C) KDM5D, (D) KDM6A, (E) NLGN4Y, 
(F) RASGRP, (G) SQLE, (H) TMSB4Y, (I) TNF, (J) USP9Y, (K) 
1UTY, and (L) ZRSR2 evolves throughout the stages of pancreatic 
cancer (PAAD). This analysis provides valuable insights into 
the dynamic role of these genes in cancer progression and their 
potential as therapeutic targets.
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gender does not significantly affect prognosis in this 
pancreatic cancer dataset (Supplementary Figure SF5B). 
We visualized the KM plot (Supplementary Figure SF5C) 
showing that most pancreatic cancer patients die or are 
censored before 700 days. The p-value indicates the 
statistical significance of survival curve differences, with 
a small p-value suggesting significance. Additionally, 
we analyzed survival across different tumor stages. The 
Kaplan–Meier plot illustrates survival probabilities 
over time for each stage, with the logrank test assessing 
significant differences (Supplementary Figure SF5D). 
Despite low patient numbers in stages III, IV, and 1A, 
survival probability remains high, with results showing 
less than 500 days.

Visualizing gene expression and survival 
plot

We systematically examined the expression levels 
of twelve key genes to assess their impact on survival 
outcomes. Each gene’s expression was compared 
to the survival duration of patients in the study 
(Figure 5). Through our analysis of the survival plots, 
we established relationships between specific gene 
expressions and survival outcomes, identifying genes 
associated with improved or diminished survival 
rates. Additionally, we evaluated gene expression 
across various conditions, including tumor versus 
normal tissue and different cancer stages, to quantify 
the extent of expression differences. This differential 
expression was visualized in bar plots, illustrating the 
contrasting gene expression levels across sample types 
(Supplementary Figure SF3) and cancer stages (Figure 
6), thereby highlighting the significance and magnitude 
of these variations.

DISCUSSION

Our finding shows upregulated and downregulated 
DEGs in PAAD. The pattern of gene expression profile 
among male and female indicates the higher frequency 
of occurrence in male (Figure 1F). Clustering analysis 
identified co-expressed genes among cells cluster, and 
potential biomarkers have listed in heatmap diagram 
(Figure 2A). We have identified CD5L, LILRB1, KEL, 
DOK3, LEFTY2, ALAS2, BMF, HMOX, and SIGLEC11 as 
differentially expressed genes in PAAD. Key DEGs have 
a low p-value and a large log fold change (LFC) appears 
at the top of the plot forming a volcano shape (Figure 
2A). Certain biological processes and pathways involving 
these genes may drive PAAD across cell populations. Key 
pathways include histone demethylation, actin filament 
regulation, nitric oxide regulation, and oxidoreductase 
activity, all associated with pancreatic cancer initiation 
and progression.

Enrichment analysis
Enrichment analysis shows potential biomarkers 

related to tumor growth and metastasis, including the 
TNF signaling, T cell receptor signaling, and Cholesterol 
Biosynthesis pathways (Figure 3). Genes KDM6A, 
KDM5D, KDM1A, and ZRSR2, linked to histone lysine 
demethylation, may affect PAAD progression via 
chromatin remodeling and gene expression [50]. Genes 
TMSB4Y and NLGN4Y are involved in actin nucleation 
and may influence PAAD through cell motility and 
invasiveness [51]. The gene TMSB4Y is linked to steroid 
hormone receptor signaling and may influence PAAD 
progression through hormone-mediated processes. 
KDM6A and RASGRP1 positively regulate oxidoreductase 
activity, affecting PAAD by altering redox homeostasis 
and metabolism. TNF and RASGRP1 also enhance MAP 
kinase activity, impacting PAAD via MAPK-mediated 
processes. The genes EDN1, TNF, and USP9Y positively 
regulate NO, affecting PAAD through NO-mediated 
functions. EDN1 and SQLE negatively regulate wound 
healing, influencing the tumor microenvironment and 
angiogenesis [52]. These interconnected biological 
processes can significantly impact PAAD development 
and progression, with the roles of these genes requiring 
further investigation (Figure 3A). The top significant 
p-values and q-values for the GO biological processes 
of 2023, along with key DEGs identified as overlapping 
genes, are presented in Table 1.

Our analysis indicates that the MLL3/4 complex 
(Figure 3B), which functions as a histone H3K4 
demethylase, is involved in histone modification and gene 
expression regulation. Dysregulation of this complex can 
lead to abnormal gene expression and disease progression 
[53]. Significant p-values and q-values for the GO cellular 
component of 2023, along with key DEGs identified 
as overlapping genes, are shown in Table 2. Different 
synapse types affect PAAD tumor growth and invasion 
(Figure 3B). Dysregulation of asymmetric Glutamatergic 
excitatory synapses alters neurotransmission and can 
influence cell proliferation and migration. Symmetric 
synapses, involved in intercellular communication, are 
also affected, impacting normal tissue and contributing to 
PAAD. Inhibitory GABA-ergic synapses regulate neuronal 
excitability, and their dysregulation can influence cancer 
progression [54, 55]. Additionally, cellular components 
like early endosome membranes and germ plasmas 
are directly involved in PAAD (Figure 3B). Inherited 
mutations in genes like UTY, KDM6A, NLGN4Y, and 
DDX3Y may increase the risk of developing pancreatic 
cancer. Table 3 (Figure 3C) shows the most significant 
p-values and q-values for GO molecular functions in 
2023, along with key DEGs identified as overlapping 
genes for these functions.

We identified pathways from KEGG, Reactome, and 
WikiPathway linked to pancreatic cancer. The AGE-
RAGE signaling pathway (Figure 3D) contributes to 
diabetic complications and pancreatic cancer through 
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inflammation and oxidative stress [56]. Alterations in T 
cell receptor and TNF signaling pathways (Figure 3D) 
promote tumor growth and survival in pancreatic cancer 
[57]. Table 4 lists significant DEGs overlapping with 
KEGG pathways, including key p-values and q-values.

Figure 3E shows the Reactome linked pathways which 
are involved in PAAD. Histone demethylases (HDMs) 
Demethylate Histones and Chromatin Modifying 
Enzymes: Both enzymes are involved in alteration of 
histone proteins and chromatin respectively which 
leads to cancer. TNFR1 activates ceramide production, 
influencing cell death and inflammation. It also triggers 
pro-apoptotic signaling pathways. Inactivation of ERKs, 
which are crucial for cell proliferation and differentiation, 
can disrupt these processes. Additionally, Rap1, a small 
GTPase, is involved in signaling related to cell adhesion, 
proliferation, and differentiation. Dysregulation of these 
pathways is linked to pancreatic cancer development 
and progression (Figure 3E). The significant DEGs that 
overlap with the Reactome pathways, as well as the top 
significant p-values and q-values for Reactome are given 
in Table 5.

WikiPathways analysis shows the RIG-I-like receptor 
(RLR) pathway that is dysregulated in pancreatic 
cancer, promoting tumor growth and immune invasion. 
Sterol regulatory element-binding proteins (SREBP) 
signaling is upregulated, aiding tumor growth and 
survival. Extracellular vesicles (EVs) from cancer cells 
also enhance tumor growth and metastasis. These 
pathways impact immune response, cell proliferation, 
and metabolism, revealing potential therapeutic targets 
in pancreatic cancer (Figure 3F). The significant DEGs 
that overlap with the WikiPathways, as well as the top 
significant p-values and q-values for WikiPathways are 
given in Table 6.

Network analysis identified key signaling pathways 
involved in pancreatic cancer are Notch-mediated 
HESHEY network, Regulation of Ras family activation, 
and EGFR-dependent Endothelin signaling (Figure 4). Our 

Table 1: Significant p-values and q-values for gene ontology (GO) biological process 2023

Term p-value q-value Overlap genes

Histone lysine demethylation (GO:0070076) 0.000123 0.065057 [UTY, KDM6A]

Regulation of actin filament organization (GO:0110053) 0.000382 0.092858 [WASHC5, TMSB4Y]

Regulation of intracellular steroid hormone receptor signaling pathway 
(GO:0033143)

0.001316 0.092858 [KDM5D, KDM1A]

Positive regulation of oxidoreductase activity (GO:0051353) 0.001440 0.092858 [EDN1, TNF]

Positive regulation of MAP kinase activity (GO:0043406) 0.001443 0.092858 [EDN1, TNF, RASGRP1]

Regulation of actin nucleation (GO:0051125) 0.001568 0.092858 [WASHC5, WASHC2A]

Positive regulation of Nitric Oxide biosynthetic process (GO:0045429) 0.001985 0.092858 [EDN1, TNF]

Regulation of androgen receptor signaling pathway (GO:0060765) 0.001985 0.092858 [KDM5D, KDM1A]

Positive regulation of Nitric Oxide metabolic process (GO:1904407) 0.002134 0.092858 [EDN1, TNF]

Negative regulation of wound healing (GO:0061045) 0.002134 0.092858 [EDN1, TNF]

This table presents the top significant p-values and corresponding q-values for the gene ontology (GO) biological process analysis 
conducted in 2023. It highlights the most relevant biological processes associated with the input gene set, providing insights into their 
functional roles in the context of pancreatic cancer.

result shows KDM1A gene identified as the key regulator 
of Notch pathway in PAAD (Figure 4A). RASGRP 
gene plays a crucial role in modulating Ras activation 
regulatory pathway (Figure 4B). Our RNA-Seq analysis 
identified the gene EDN1 as a regulator of the EGFR 
pathway in pancreatic cancer (Figure 4C). Understanding 
these pathways could aid in developing targeted therapies 
for this aggressive disease. Endothelin and TCR signaling 
networks in naïve CD8 T cells are impacted by pancreatic 
adenocarcinoma (PAAD). Our analysis identified the gene 
EDN1 as a key modulator of the Gi, Gs, and Gq family gene 
networks (Supplementary Figure SF1). RASGRP gene was 
found to influence the B7 and Ras family gene networks 
(Supplementary Figure SF2). We also identified two 
pathways in pancreatic cancer: WP197 (Supplementary 
Figure SF4), the cholesterol biosynthesis pathway, which 
is crucial for cell membrane production and is altered 
in cancer cells. Targeting this pathway with HMG-CoA 
reductase inhibitors has shown anti-tumor effects [58]. 
The second pathway, WP732 (Supplementary Figure 
SF4), involves serotonin receptor 2 and ELK-SRF GATA4 
signaling, where serotonin receptor activation promotes 
cancer cell proliferation and migration. Inhibiting this 
receptor may yield anti-tumor effects [54].

Biomarkers and survival analysis
Our findings show important genetic biomarkers 

linked to pancreatic cancer:
UTY: Regulates chromatin structure and gene 

expression, facilitating oncogenic transformation and 
linked to epithelial-mesenchymal transition. KDM6A: 
A tumor suppressor that demethylases H3K27me3, with 
loss or mutation contributing to altered gene expression 
and cancer development. KDM5D: Involved in male-
specific functions, it may influence pancreatic cancer 
through H3K4me2/3 demethylation. KDM1A: Promotes 
cancer cell growth and metastasis; its inhibition is a 
potential therapeutic strategy. TMSB4Y: Encodes a 
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Table 2: Significant p-values and q-values for gene ontology (GO) cellular component 2023

Term p-value q-value Overlap genes

MLL3/4 complex (GO:0044666) 0.000319 0.009566 [UTY, KDM6A]

Asymmetric, glutamatergic, excitatory synapse (GO:0098985) 0.012191 0.121912 [NLGN4Y]

Symmetric synapse (GO:0032280) 0.012191 0.121912 [NLGN4Y]

Inhibitory synapse (GO:0060077) 0.019436 0.145770 [NLGN4Y]

Early endosome membrane (GO:0031901) 0.032855 0.190681 [WASHC5, WASHC2A]

Germ plasm (GO:0060293) 0.040859 0.190681 [DDX3Y]

GABA-ergic synapse (GO:0098982) 0.045558 0.190681 [NLGN4Y]

This table displays the top significant p-values and q-values for the gene ontology (GO) cellular component analysis performed in 
2023. It outlines the cellular components that are significantly enriched among the input gene set, offering a detailed understanding 
of where these genes are primarily localized within the cell.

Table 3: Significant p-values and q-values for gene ontology (GO) molecular function 2023

Term p-value q-value Overlap genes

Histone demethylase activity (GO:0032452) 8.128739e-09 5.446255e-07 [KDM5C, KDM5D, KDM1A, UTY, 
KDM6A]

Histone H3K4 demethylase activity 
(GO:0032453)

7.671992e-07 2.570117e-05 [KDM5C, KDM5D, KDM1A]

Chromatin DNA binding (GO:0031490) 1.106407e-03 2.470975e-02 [UTY, ZFX, KDM6A]

Nuclear androgen receptor binding 
(GO:0050681)

1.701673e-03 2.850302e-02 [KDM5D, KDM1A]

2-Oxoglutarate-dependent dioxygenase activity 
(GO:0016706)

4.536577e-03 6.079014e-02 [UTY, KDM6A]

Flavin adenine dinucleotide binding 
(GO:0050660)

8.038554e-03 8.976385e-02 [SQLE, KDM1A]

Pre-mRNA 3'-splice site binding (GO:0030628) 1.219122e-02 1.166874e-01 [ZRSR2]

Co-SMAD binding (GO:0070410) 2.183931e-02 1.547612e-01 [USP9Y]

Tumor necrosis factor receptor binding 
(GO:0005164)

2.183931e-02 1.547612e-01 [TNF]

3'-5'-DNA exonuclease activity (GO:0008296) 2.662868e-02 1.547612e-01 [TATDN1]

This table summarizes the top significant p-values and q-values for the gene ontology (GO) molecular function analysis conducted in 
2023. It identifies the molecular functions that are significantly associated with the input gene set, shedding light on the biochemical 
activities of the genes involved in pancreatic cancer.

Table 4: Significant p-values and q-values for KEGG 2021 human pathways

Term p-value q-value Overlap genes

Hypertrophic cardiomyopathy 0.020535 0.463076 [EDN1, TNF]

AGE-RAGE signaling pathway in diabetic complications 0.024991 0.463076 [EDN1, TNF]

T cell receptor signaling pathway 0.026875 0.463076 [TNF, RASGRP1]

TNF signaling pathway 0.030808 0.463076 [EDN1, TNF]

Fluid shear stress and atherosclerosis 0.045603 0.463076 [EDN1, TNF]

Steroid biosynthesis 0.047898 0.463076 [SQLE

This table provides the top significant p-values and q-values for the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis for human pathways conducted in 2021. It highlights the most relevant biological pathways associated with the input gene 
set, contributing to a better understanding of the molecular mechanisms underlying pancreatic cancer.
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protein that stimulates angiogenesis and cell migration, 
serving as a potential biomarker. EDN1: Enhances tumor 
angiogenesis by promoting endothelial cell proliferation 
and migration. TNF: Promotes cell proliferation, 
angiogenesis, and immune cell recruitment to tumors. 
RASGRP1: Activates the Ras signaling pathway, 
contributing to cancer progression. ZRSR2: Involved 
in RNA splicing; its specific role in pancreatic cancer 
requires further study. USP9Y: Its role is unclear but 
may relate to sex hormones and sexual dimorphism 
in cancer. SQLE: Dysregulation may impact lipid 
metabolism, influencing cell proliferation and survival. 
NLGN4Y: Its significance in pancreatic cancer is not 
established, though links to nervous system interactions 
exist. These genes influence pancreatic cancer through 
protein interactions, epigenetic regulation, and cellular 
pathways involved in tumorigenesis, providing insights 
for targeted therapies and improved diagnostics.

The study utilized gene enrichment analysis and 
Kaplan–Meier (KM) plots to explore gene expression 
in pancreatic cancer, revealing that prognosis was 
not significantly affected by gender (Supplementary 
Figure  SF5). Key findings indicate TNF as a potential 

Table 5: Significant p-values and q-values for Reactome 2022 pathways

Term p-value q-value Overlap genes

HDMs demethylate histones R-HSA-3214842 4.527427e-09 6.474221e-07 [KDM5C, KDM5D, KDM1A, UTY, KDM6A]

Chromatin modifying enzymes R-HSA-3247509 2.847209e-04 2.035754e-02 [KDM5C, KDM5D, KDM1A, UTY, KDM6A]

TNFR1-mediated ceramide production 
R-HSA-5626978

1.461194e-02 4.317289e-01 [TNF]

TNFR1-induced proapoptotic signaling 
R-HSA-5357786

3.139508e-02 4.317289e-01 [TNF]

ERKs are inactivated R-HSA-202670 3.139508e-02 4.317289e-01 [VRK3]

Rap1 signaling R-HSA-392517 3.850184e-02 4.317289e-01 [RASGRP1]

This table lists the top significant p-values and q-values for the Reactome pathway analysis performed in 2022. It details the biological 
pathways that are significantly enriched among the input gene set, offering insights into the complex interactions and processes 
involved in pancreatic cancer.

Table 6: Significant p-values and q-values for WikiPathway 2021 human pathways

Term p-value q-value Overlap genes

Novel intracellular components of RIG-I-like receptor (RLR) pathway WP3865 0.009507 0.189593 [DDX3Y, TNF]

Lung fibrosis WP3624 0.010441 0.189593 [EDN1, TNF]

Sterol regulatory element-binding proteins (SREBP) signaling WP1982 0.012426 0.189593 [SQLE, RNF139]

EV release from cardiac cells and their functional effects WP3297 0.017027 0.189593 [TNF]

MicroRNAs in cardiomyocyte hypertrophy WP1544 0.018040 0.189593 [EDN1, TNF]

Acute viral myocarditis WP4298 0.018857 0.189593 [EDN1, TNF]

Role of altered glycolysation of MUC1 in tumor microenvironment WP4480 0.021839 0.189593 [TNF]

Nanoparticle triggered regulated necrosis WP2513 0.029015 0.189593 [TNF]

Cholesterol biosynthesis pathway WP197 0.036139 0.189593 [SQLE]

COVID-19 adverse outcome pathway WP4891 0.036139 0.189593 [TNF]

This table presents the top significant p-values and q-values for the WikiPathway analysis for human pathways conducted in 2021. It 
identifies the most significant pathways associated with the input gene set, providing valuable information on the biological contexts 
in which these genes operate within pancreatic cancer.

treatment strategy and Ras as a predictive indicator. 
Differential expression analysis shows KDM6A, RASGRP, 
TNF, and ZRSR2 genes which were downregulated, while 
EDN1, KDM1A, KDM5D, NLGN4Y, SQLE, TMSB4Y, 
USP9Y, and UTY were upregulated (Supplementary 
Figure SF3). Notably, NLGN4Y, TMSB4Y, UTY, USP9Y, 
and KDM5D were highly expressed in stages II and III, 
while EDN1, KDM1A, KDM6A, and SQLE peaked in 
stage IV (Figure 6). KDM1A and KDM3A were linked 
to poor prognosis, with their knockdown impairing 
tumor growth. The histone methyltransferase G9a and 
transcription factor RFXAP also emerged as significant 
in pancreatic carcinogenesis, suggesting potential 
therapeutic targets [53].

We analyzed survival probabilities over time to 
identify genes linked to cancer recurrence or mortality. 
Figure 5 presenting results in a survival plot for gene 
have high and low expression. Survival analysis indicated 
that genes EDN1, KDM1A, RASGRP, and SQLE had 
hazard ratios (HR) greater than 1, with SQLE showing 
a significant logrank p-value of 0.00074, indicating a 
notable difference in survival rates. 
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CONCLUSION

Our study shows that notable biomarkers, including 
CD5L, LILRB1, and KEL, were linked to disease 
pathology. Enrichment analysis revealed critical 
biological pathways, such as TNF signaling and T cell 
receptor pathways, associated with tumor growth and 
metastasis. Genes like KDM6A and TMSB4Y were 
implicated in chromatin remodeling and cell motility, 
underscoring their roles in cancer progression. 
Additionally, dysregulation of nitric oxide production 
and steroid hormone signaling pathways further 
contributed to PAAD development. Our exploration of 
cellular components and signaling networks highlighted 
the importance of the MLL3/4 complex and synaptic 
alterations in tumor growth. Survival analysis indicated 
that specific DEGs correlate with patient outcomes, 
suggesting their potential as biomarkers for diagnosis 
and treatment. Overall, this research enhances our 
understanding of the molecular mechanisms driving 
PAAD and identifies promising targets for future 
therapeutic interventions, emphasizing the need for 
further investigation into these pathways to improve 
patient outcomes. Further research is needed to clarify 
the mechanisms and therapeutic potential of these 
genes, alongside addressing current research limitations 
and knowledge gaps in pancreatic cancer treatment.
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Supplementary Figure SF1: Endothelin pathway in pancreatic cancer. This figure illustrates the signaling events associated 
with the Endothelin pathway in pancreatic cancer, emphasizing the critical role of the EDN1 gene within this network. It highlights 
the involvement of Gs, Gq, and Gi protein families, which interact with GTP and calcium ions (Ca²+) as part of the signaling cascade. 
This pathway is significant for understanding the mechanisms of tumor progression and the potential therapeutic targets within the 
Endothelin signaling framework.
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Supplementary Figure SF2: T cell receptor (TCR) signaling in naive CD8 T cells. This figure depicts the signaling events 
involved in TCR signaling within naive CD8 T cells. It highlights the role of the RASGRP1 gene, which interacts with GTP, GDP, and 
calcium ions (Ca²+), as well as diacylglycerol (DAG) in the signaling cascade. Additionally, the presence of the B7 family and Ras 
family networks is illustrated, providing insights into the complex regulatory mechanisms that govern T cell activation and function 
in the immune response.

Supplementary Figure SF3: Gene expression of crucial differentially expressed genes in pancreatic cancer. This 
figure presents a bar graph showcasing the expression levels of key differentially expressed genes in pancreatic cancer. The red bars 
indicate gene expression in cancerous tissues, while the blue bars represent expression in normal tissues. Genes analyzed include (A) 
EDN1, (B) KDM1A, (C) KDM5D, (D) KDM6A, (E) NLGN4Y, (F) RASGRP, (G) SQLE, (H) TMSB4Y, (I) TNF, (J) USP9Y, (K) 1UTY, and 
(L) ZRSR2. This visualization highlights the significant alterations in gene expression associated with pancreatic cancer, providing 
potential biomarkers for diagnosis and treatment.



International Journal of Hepatobiliary and Pancreatic Diseases, Volume 15, Issue 1, 2025; Pages 1–16. ISSN: 2230-9012

Int J Hepatobiliary Pancreat Dis 2025;15(1):1–16. 
www.ijhpd.com

Shariff et al.  15

Supplementary Figure SF4: Pathways involved in cholesterol biosynthesis and serotonin signaling. This figure 
outlines important biochemical pathways relevant to pancreatic cancer. (A) The cholesterol biosynthesis pathway in Homo sapiens, 
detailing the biochemical reactions involved in cholesterol production. (B) The signaling pathway of serotonin receptor 2 and ELK-
SRFGATA4, illustrating their roles in physiological processes such as mood regulation and cardiovascular function.

Supplementary Figure SF5: Kaplan–Meier survival plots. This figure presents Kaplan–Meier (KM) survival plots, illustrating 
patient survival over time. (A) The KM plot shows similar survival trajectories for both genders until approximately 2800 days, after 
which females exhibit lower survival rates. (B) The measured difference between event curves is represented, with p-values from the 
log-rank test assessing independence between the two curves. (C) A KM plot with a risk table indicates the number of patients who 
have passed away or been censored over time. (D) A new survival model fitted with tumor stage groups, alongside the risk table, 
provides a comprehensive view of survival dynamics.
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