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 I 

ABSTRACT 

Pancreatic cancer is a devastating disease with a poor prognosis, often diagnosed 

at advanced stages when treatment options are limited. Early detection and effective 

therapeutic strategies are essential for improving patient outcomes. Biomarkers play 

a critical role in the diagnosis, prognosis, and treatment of pancreatic cancer. This 

project aimed to identify potential biomarkers for pancreatic cancer through 

differential expression analysis and pathway analysis of gene expression data 

obtained from The Cancer Genome Atlas (TCGA) database. Data preprocessing 

was conducted using the GDCprepare package in R, followed by differential 

expression analysis and GO enrichment analysis of biological process. The results 

identified a gene that were differentially expressed in pancreatic cancer samples 

compared to normal tissues, RN7SL1 which is identified as potential biomarkers. 

Additionally, and GO enrichment analysis of biological process revealed 

dysregulation of several critical process implicated in pancreatic cancer 

pathogenesis. These findings provide valuable insights into the molecular 

mechanisms underlying pancreatic cancer and highlight potential biomarkers and 

therapeutic targets for further investigation. 

 

 

KEYWORDS: Pancreatic cancer, RNA-Seq, R programming, Differential Gene 

Expression Analysis, GO Enrichment Analysis 
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CHAPTER – 1 

INTRODUCTION 

1.1 PANCREATIC CANCER 

Pancreatic cancer, despite being relatively less common compared to other 

cancers, presents a significant challenge in terms of prognosis and treatment. It's 

characterized by its aggressive nature, late-stage diagnosis, and limited treatment 

options, leading to a low 5-year survival rate. Despite advancements in medical 

technology, pancreatic cancer remains a major public health concern globally, with 

increasing incidence and mortality rates. Understanding its epidemiology, trends, 

and risk factors is crucial for effective prevention and management strategies. The 

pancreas, a vital organ located in the upper abdomen, plays a critical role in 

digestion and hormone regulation. Pancreatic cancer develops when abnormal 

mutations occur in pancreatic cells, leading to uncontrolled growth and tumour 

formation. The most common type, pancreatic ductal adenocarcinoma (PAAD), 

accounts for over 90% of cases. Unfortunately, by the time symptoms manifest, the 

cancer has usually progressed to an advanced stage, making early detection 

challenging. 

Epidemiological studies provide valuable insights into the prevalence, incidence, 

and mortality rates of pancreatic cancer. Despite its relatively low occurrence 

compared to other cancers, pancreatic cancer's lethality is striking. The actual 5-

year survival rates have shown minimal improvement over the past few decades, 

remaining below 10% in most regions globally. Surgical resection offers the best 

chance of survival, but the overall prognosis remains poor, particularly for non-

resectable cases. In recent years, the incidence and mortality rates of pancreatic 

cancer have been on the rise worldwide. This upward trend poses a significant 

public health burden, with projections indicating further increases in the coming 

decades. Factors contributing to this trend include changes in lifestyle habits, 

environmental factors, and aging populations. Efforts to address these challenges 

require a multifaceted approach, including public awareness campaigns, early 

detection strategies, and advancements in treatment modalities. 
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Various risk factors have been associated with an increased likelihood of developing 

pancreatic cancer. These include smoking, obesity, diabetes, chronic pancreatitis, 

and genetic predispositions. Smoking, in particular, stands out as a significant 

modifiable risk factor, accounting for a substantial proportion of pancreatic cancer 

cases. Additionally, individuals with a family history of pancreatic cancer or certain 

genetic syndromes, such as hereditary pancreatitis or Lynch syndrome, are at 

higher risk. Early detection remains a key challenge in improving pancreatic cancer 

outcomes. Unlike some other cancers, pancreatic cancer often lacks specific 

symptoms in its early stages, leading to delayed diagnosis. By the time symptoms 

such as jaundice, abdominal pain, or weight loss manifest, the cancer has usually 

advanced to an unresectable stage. Screening methods, including imaging 

techniques and biomarker testing, hold promise for early detection, but their efficacy 

and feasibility in large-scale screening programs require further validation. 

Advancements in treatment modalities, including surgery, chemotherapy, radiation 

therapy, and targeted therapies, have improved outcomes for some patients with 

pancreatic cancer. However, significant challenges remain, including treatment 

resistance, tumor heterogeneity, and limited therapeutic options for advanced 

disease. Novel approaches, such as immunotherapy and precision medicine, offer 

hope for improving patient outcomes, but further research is needed to optimize 

their effectiveness. In addition to advances in treatment, efforts to reduce the burden 

of pancreatic cancer must focus on prevention and early detection. Lifestyle 

modifications, such as smoking cessation, maintaining a healthy weight, and 

adopting a balanced diet, can help reduce the risk of developing pancreatic cancer. 

Screening programs targeting high-risk individuals, such as those with a family 

history or predisposing genetic factors, may facilitate early detection and 

intervention. Public health initiatives aimed at raising awareness about pancreatic 

cancer, promoting risk-reducing behaviors, and improving access to screening and 

treatment services are essential components of comprehensive cancer control 

strategies. Collaborative efforts involving healthcare professionals, researchers, 

policymakers, and community stakeholders are needed to address the complex 

challenges posed by pancreatic cancer and improve outcomes for affected 

individuals. 
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Pancreatic cancer remains a formidable challenge in oncology, with a low 5-year 

survival rate and increasing incidence and mortality rates globally. Understanding 

its epidemiology, trends, and risk factors is essential for developing effective 

prevention, early detection, and treatment strategies. Addressing the multifactorial 

nature of pancreatic cancer requires a coordinated effort across various sectors to 

reduce its burden and improve outcomes for patients and their families. (Jian-Xiong 

Hu C.-F. Z.-B.-C.-W.-Y., 2021) 

1.2 R PROGRAM 

The story of the R programming language is a testament to the power of 

collaboration, innovation, and the pursuit of knowledge in the digital age. Born out 

of the necessity to democratize statistical analysis and data visualization, R has 

grown from its humble origins to become an indispensable tool in the fields of 

bioinformatics, data science, and beyond. At its core, R owes its lineage to the 

pioneering work of John Chambers and his team at Bell Laboratories in the 1970s. 

The development of the S language laid the groundwork for what would later 

become R, providing an interactive environment for statistical analysis. Building 

upon this foundation, Ross Ihaka and Robert Gentleman embarked on a journey to 

create a new language that would combine the functionality of S with their own 

innovations and ideas. 

The result was R, a language named as a successor to "S" and a nod to the first 

initials of its creators. From its inception, R was designed to be accessible and 

intuitive, with a gentle learning curve that welcomed both novice and experienced 

programmers alike. Its built-in plotting functionality revolutionized data visualization, 

allowing users to generate insightful graphs with ease. As R gained traction in the 

early 1990s, it quickly garnered attention from statisticians, researchers, and 

academics worldwide. The release of the R source code under the GNU General 

Public License in 1995 marked a significant turning point, ensuring that R would 

remain freely available for all to use and contribute to. This open-source ethos laid 

the groundwork for a vibrant and collaborative community that continues to drive the 

development of R to this day. 
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Over the years, R has evolved from a simple statistical tool to a versatile 

powerhouse with applications spanning a wide range of disciplines. In 

bioinformatics, R serves as a linchpin for processing and analyzing complex 

biological data, from genomic sequences to protein structures. Its extensive 

ecosystem of packages caters to the diverse needs of researchers, offering 

solutions for everything from sequence alignment to differential expression analysis. 

Beyond bioinformatics, R finds utility in fields as diverse as physics, economics, and 

medicine. Its flexibility and extensibility make it well-suited for tackling a variety of 

data analysis tasks, from exploratory data analysis to predictive modeling. 

Moreover, R's role in promoting reproducibility and transparency in scientific 

research cannot be overstated. By providing a framework for creating reproducible 

workflows, R empowers researchers to validate and disseminate their findings with 

confidence. 

Looking to the future, the trajectory of R appears promising, with continued 

advancements and innovations on the horizon. However, challenges such as 

scalability, performance optimization, and interoperability with emerging 

technologies remain relevant. Addressing these challenges will be crucial in 

ensuring the continued relevance and efficacy of R in an ever-evolving landscape 

of data science and computational biology. The story of R is one of resilience, 

collaboration, and innovation. From its humble beginnings as a successor to S, R 

has grown into a global phenomenon, empowering researchers and practitioners to 

unlock insights from data in ways previously unimaginable. As we reflect on its 

journey over the past three decades, we are reminded of the transformative power 

of technology to shape the future of scientific inquiry and discovery. (Federico M. 

Giorgi, 2022) 

1.3 DIFFERENTIAL EXPRESSION ANALYSIS 

RNA sequencing (RNA-SEQ) has emerged as a pivotal technology in 

transcriptomics, offering unparalleled insights into the intricate relationship between 

genetic alterations and complex biological processes. Its widespread adoption 

stems from its ability to provide high data reproducibility and a comprehensive view 

of gene expression dynamics. Particularly in the field of oncology, RNA-seq holds 
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immense value for diagnostics, prognostics, and therapeutics of tumors, enabling 

the identification of aberrant transcripts, known as differentially expressed genes 

(DEGs), which play a crucial role in disease pathogenesis and progression. 

Differential analysis of RNA-SEQ data lies at the heart of unraveling the molecular 

mechanisms underlying diseases like cholangiocarcinoma (CHOL). It enables 

researchers to identify DEGs between diseased and normal tissues, shedding light 

on potential biomarkers and therapeutic targets. While RNA-seq analysis has been 

greatly facilitated by the development of open-source R/Bioconductor packages 

such as limma, DESeq2, and EdgeR, proficiency in the R language and the 

selection of appropriate methods remain challenges, especially in medical 

education curricula. 

This protocol aims to bridge this gap by providing a detailed guide for performing 

differential expression analysis using limma, DESeq2, and EdgeR on CHOL RNA-

seq count data extracted from The Cancer Genome Atlas (TCGA). These methods, 

while sharing similarities, differ in their underlying statistical frameworks and data 

processing steps. For instance, both EdgeR and limma require normalized RNA-

seq count data, whereas DESeq2 employs its own method of library size 

normalization. Additionally, EdgeR is specifically tailored for RNA-seq data analysis, 

while limma is applicable to both microarray and RNA-seq data. The differential 

analysis protocols outlined in this guide offer step-by-step instructions for each 

method, from data preprocessing to DEG identification. Limma employs a linear 

model to assess DEGs, whereas EdgeR utilizes statistical methods based on the 

negative binomial distribution, including empirical Bayes estimation and exact tests. 

DESeq2, on the other hand, employs its own library size normalization method and 

uses a negative binomial distribution to model count data. By following this protocol, 

users can easily perform RNA-seq differential expression analysis and select the 

most appropriate method for their data. Each method has its own strengths and 

limitations, and the choice ultimately depends on the nature of the data and the 

specific research questions being addressed. For instance, EdgeR may be preferred 

for its robustness in handling RNA-seq data, while limma offers versatility for 

analyzing both microarray and RNA-seq datasets. 
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In summary, this protocol serves as a valuable resource for researchers and 

clinicians seeking to leverage RNA-seq data for differential expression analysis in 

the context of diseases like CHOL. By providing detailed guidance on the use of 

limma, DESeq2, and EdgeR, it empowers users to gain deeper insights into the 

molecular mechanisms underlying disease pathogenesis and identify potential 

targets for diagnosis and therapy. Moreover, it highlights the importance of 

integrating bioinformatics tools and methods into medical education curricula to 

equip future healthcare professionals with the necessary skills to leverage genomic 

data for precision medicine applications. (Shiyi Liu*1, 2021) 

1.4 BIOCONDUCTOR 

Over the past decade, RNA sequencing (RNA-seq) has emerged as the gold 

standard for accurately profiling gene expression, offering researcher’s unparalleled 

insights into biological systems. This surge in RNA-seq usage has been 

accompanied by the development of specialized software tools aimed at 

streamlining data analysis. Review articles by Conesa et al. and Van den Berge et 

al. have comprehensively covered the diverse applications and software landscape 

in RNA-seq analysis, highlighting the importance of robust data analysis pipelines 

in addressing complex biological questions. Differential expression analysis stands 

as one of the most commonly employed workflows in RNA-seq analysis. 

Researchers leverage this approach to unravel the mechanisms underlying 

transcriptional regulation by comparing gene expression across different conditions, 

genotypes, tissues, cell types, or time points. The ultimate goal is to identify robust 

sets of genes exhibiting changes in expression and to contextualize these findings 

within molecular pathways, providing valuable insights for both basic research and 

clinical applications. Despite the availability of established end-to-end analysis 

procedures, bioinformatics analyses can still pose significant challenges, 

particularly for users with limited programming skills. Current software 

implementations cover various aspects of the analysis pipeline, including quality 

assessment, preprocessing, alignment, quantification, and differential expression 

analysis. These tools, often integrated into the R/Bioconductor project, have 

streamlined the generation of large transcriptome profiles, laying the groundwork for 

downstream analyses. 
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In a previous study, a selection of interfaces for RNA-seq analysis was reviewed 

from the perspective of a life scientist, focusing on key criteria such as installation, 

usability, flexibility, hardware requirements, and reproducibility. Building upon these 

findings, a novel tool was developed to meet the diverse needs of researchers in 

differential expression analysis. This tool, termed "ideal," was designed as an 

interactive web-based application within the R/Bioconductor environment, aimed at 

guiding users through all stages of a complete differential expression analysis. 

Leveraging insights from close collaborations with wet-lab life scientists and 

clinicians, ideal offers an integrated platform for extracting, visualizing, interpreting, 

and sharing RNA-seq datasets. Similar to the Bioconductor pcaExplorer package, 

which facilitates exploratory data analysis, ideal provides a comprehensive solution 

tailored specifically for differential expression analysis.  

To use ideal, users need to input a count matrix and experimental design 

information, allowing for the analysis of complex experimental designs. The tool 

ensures ease of reproducibility and sharing of analysis sessions, promoting effective 

collaboration and adherence to the FAIR Guiding Principles for scientific data. 

Furthermore, ideal offers a wide array of information-rich visualizations, charts, and 

tables for both diagnostic and downstream analysis steps, ensuring transparency 

and reproducibility in RNA-seq data analysis. Building upon the success of 

pcaExplorer, ideal incorporates improved documentation features and self-paced 

learning tours to enhance user experience. State saving and automated HTML 

report generation further ensure code reproducibility, aligning with the growing 

emphasis on reproducibility in scientific research. While there are numerous 

software packages available for RNA-seq analysis, ideal distinguishes itself by 

offering a comprehensive set of features within the Bioconductor environment. 

Unlike existing tools, ideal seamlessly integrates with R/Bioconductor packages, 

leveraging the platform's efficient core structures for flexible additional 

visualizations. Moreover, ideal provides a coherent user interface that combines 

interactivity with reproducibility, facilitating the translation of transcriptomic datasets 

into actionable insights. 

Although existing tools accept count data and compute differentially expressed 

genes, they often lack the full integration and seamless combination of interactivity 
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and reproducibility offered by ideal. While standalone web applications are common, 

not all can be easily distributed as packages or deployed to private local instances. 

Furthermore, only a few tools provide the option to generate dynamic analysis 

reports using R Markdown, highlighting the unique value proposition of ideal in the 

RNA-seq analysis landscape. In summary, the ideal package represents a 

significant advancement in RNA-seq data analysis, offering a user-friendly 

framework within the Bioconductor environment. By integrating best practices and 

providing a coherent user interface, ideal empowers researchers to derive 

meaningful insights from transcriptomic datasets with ease and confidence. (Marini, 

2020) 

1.5 TCGABIOLINKS 

TCGAbiolinks is an R package designed to facilitate access to and analysis of data 

from The Cancer Genome Atlas (TCGA) project. TCGA is a comprehensive initiative 

led by the National Cancer Institute (NCI) and the National Human Genome 

Research Institute (NHGRI) that aims to characterize the genomic alterations 

underlying various types of cancer. TCGAbiolinks streamlines the process of 

retrieving TCGA data, enabling researchers to seamlessly access a wealth of 

genomic, transcriptomic, and clinical information for numerous cancer types. The 

package offers a suite of functions tailored for data retrieval, preprocessing, 

analysis, and visualization, empowering researchers to conduct in-depth 

investigations into cancer biology. One of the key features of TCGAbiolinks is its 

ability to download and preprocess TCGA data directly within the R environment. 

By leveraging the GDC Data Transfer Tool provided by the Genomic Data 

Commons (GDC), TCGAbiolinks simplifies the retrieval of raw sequencing data and 

associated clinical metadata. This functionality expedites data acquisition and 

ensures reproducibility, as researchers can obtain the same datasets used in 

published studies. Moreover, TCGAbiolinks provides robust preprocessing 

capabilities to normalize and filter genomic data, addressing common challenges 

such as batch effects and sample heterogeneity. These preprocessing steps are 

essential for ensuring data quality and reliability in downstream analyses. In addition 

to data retrieval and preprocessing, TCGAbiolinks offers a variety of analytical tools 

for exploring TCGA datasets. Researchers can perform differential expression 
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analysis, identify genetic alterations, conduct survival analyses, and visualize 

results using built-in functions. This comprehensive suite of analytical functionalities 

empowers researchers to uncover novel insights into cancer biology and identify 

potential biomarkers or therapeutic targets. TCGAbiolinks serves as a valuable 

resource for cancer researchers, providing a user-friendly interface for accessing 

and analyzing TCGA data within the R environment. By facilitating data integration, 

preprocessing, and analysis, TCGAbiolinks accelerates the pace of cancer research 

and contributes to our understanding of the molecular mechanisms driving 

tumorigenesis and disease progression. 

1.6 DESEQ2 

DESeq2 is a powerful and widely used R package designed for the analysis of RNA 

sequencing (RNA-seq) data, particularly in the context of differential gene 

expression analysis. Developed by Love et al., DESeq2 offers robust statistical 

methods to identify genes that are differentially expressed across different 

experimental conditions or biological states. At its core, DESeq2 employs negative 

binomial distribution modeling to account for inherent variability in RNA-seq data, 

which arises due to factors such as differences in library size and gene expression 

levels. By modeling this variability, DESeq2 effectively normalizes the data, enabling 

accurate comparison of gene expression levels between samples. 

One of the key features of DESeq2 is its ability to handle complex experimental 

designs, including multiple experimental factors and covariates. Through the use of 

generalized linear models (GLMs), DESeq2 can accommodate various 

experimental setups, such as time-course experiments or studies involving multiple 

treatment conditions.DESeq2 performs differential expression analysis by fitting a 

model to the count data for each gene, estimating parameters such as mean 

expression and dispersion, and testing for significant differences in expression 

levels between experimental groups. Importantly, DESeq2 employs rigorous 

statistical methods, including shrinkage estimation, to improve the stability and 

reliability of results, particularly when dealing with limited sample sizes. Moreover, 

DESeq2 provides comprehensive functionality for downstream analysis, including 

visualization tools for exploring differential expression results, clustering analysis, 
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and gene ontology enrichment analysis to uncover biological insights associated 

with differentially expressed genes.DESeq2 is highly regarded for its accuracy, 

robustness, and flexibility in analyzing RNA-seq data. Its sophisticated statistical 

methods and user-friendly interface make it an indispensable tool for researchers in 

genomics, bioinformatics, and related fields seeking to unravel the intricacies of 

gene expression regulation in diverse biological contexts. 

1.7 TCGA DATABASE 

The Cancer Genome Atlas (TCGA) is a landmark initiative in cancer research that 

has revolutionized our understanding of the molecular underpinnings of cancer. 

Established in 2006 as a collaborative effort between the National Cancer Institute 

(NCI) and the National Human Genome Research Institute (NHGRI), TCGA 

represents one of the most comprehensive and ambitious projects in the field of 

cancer genomics. At its core, TCGA aims to systematically characterize the genomic 

alterations, molecular profiles, and clinical outcomes across various cancer types. 

By compiling a vast repository of multi-dimensional data, TCGA provides 

researchers with unprecedented insights into the complex landscape of cancer 

biology, paving the way for personalized medicine and novel therapeutic 

approaches. Central to the TCGA endeavor is the collection and analysis of high-

throughput genomic data from thousands of cancer samples. These samples, 

obtained from patients diagnosed with different cancer types, encompass a diverse 

array of tumor tissues, including primary tumors, metastatic lesions, and adjacent 

normal tissues. Through state-of-the-art genomic profiling techniques such as next-

generation sequencing (NGS), microarray analysis, and mass spectrometry, TCGA 

generates comprehensive molecular profiles that encompass genomic alterations, 

gene expression patterns, epigenetic modifications, and proteomic signatures. The 

wealth of data generated by TCGA is made freely available to the global research 

community through publicly accessible databases and web portals. Researchers 

can access and analyze this data to interrogate specific hypotheses, identify novel 

biomarkers, unravel disease mechanisms, and discover potential therapeutic 

targets. Furthermore, TCGA facilitates cross-disciplinary collaborations and data 

sharing initiatives, fostering a collaborative ecosystem that accelerates scientific 

discovery and innovation. Beyond its primary mission of characterizing cancer 
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genomes, TCGA also incorporates detailed clinical annotations and patient 

outcomes data into its datasets. This integration of clinical and molecular data 

enables researchers to correlate genomic alterations with clinical phenotypes, 

treatment responses, and disease outcomes. Such integrative analyses provide 

valuable insights into the molecular basis of cancer progression, metastasis, and 

therapeutic resistance, ultimately guiding clinical decision-making and patient care. 

Moreover, TCGA has catalyzed the development of advanced computational tools 

and bioinformatics pipelines for analyzing large-scale genomic datasets. These 

bioinformatics resources enable researchers to perform sophisticated data 

analyses, including differential gene expression analysis, pathway enrichment 

analysis, and integrative multi-omics profiling. By leveraging these computational 

resources, researchers can extract meaningful insights from TCGA data and 

translate them into actionable knowledge for improving cancer diagnosis, prognosis, 

and treatment. The Cancer Genome Atlas (TCGA) represents a groundbreaking 

initiative that has transformed our understanding of cancer biology and 

revolutionized cancer research. By providing a comprehensive molecular 

characterization of diverse cancer types, TCGA empowers researchers worldwide 

to unravel the complexities of cancer and accelerate the development of precision 

oncology strategies for improving patient outcomes. 

1.8 GO ENRICHMENT ANALYSIS OF BIOLOGICAL PROCESS 

The Gene Ontology (GO) Consortium stands as a cornerstone in the field of 

genomics, providing a comprehensive resource for understanding the functions of 

genes and gene products. Over the past two years, significant advancements have 

been made within the consortium, notably with the introduction of the GO-Causal 

Activity Models (GO-CAM) annotation framework and collaborations to refine and 

expand the GO resource. The GO-CAM framework represents a notable 

enhancement in the GO Consortium's capabilities. This framework formalizes 

models of gene function and facilitates the representation of causal relationships 

between molecular activities. By linking multiple standard GO annotations, GO-

CAMs provide a more comprehensive understanding of gene function, enabling 

researchers to delve deeper into the intricacies of molecular mechanisms. This 

advancement has been crucial in expanding the scope and depth of the GO 
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resource, empowering researchers to explore complex biological phenomena with 

greater precision. Moreover, efforts have been dedicated to ensuring the integrity 

and reliability of the GO resource. A computational schema has been implemented 

to check and validate the rapidly growing repository of GO-CAMs, ensuring 

consistency and accuracy in the annotations. Additionally, collaborations with 

experts in specific areas of biology have contributed to refining and expanding the 

GO ontology, resulting in a 10% increase in the number of GO annotations and a 

25% increase in annotated gene products. Furthermore, over 9,400 new scientific 

articles have been annotated, enriching the resource with the latest research 

findings and insights. 

As the project matures, the consortium continues its commitment to reviewing older 

annotations in light of newer discoveries and maintaining consistency with other 

ontologies. This iterative process ensures that the GO resource remains up-to-date 

and reflective of the latest advancements in the field. Furthermore, the consortium 

has taken steps to enhance user accessibility and support traceability and 

reproducibility. The redesign of the GO website facilitates quick access to 

documentation, downloads, and tools, streamlining the user experience and 

promoting widespread utilization of the resource. In addition to the GO ontology and 

standard annotations, the introduction of GO-CAMs has expanded the capabilities 

of the GO resource. GO-CAMs represent a significant step forward in capturing the 

complex relationships between molecular activities, enabling researchers to explore 

gene function in a more nuanced manner. These models offer insights into the 

underlying mechanisms driving biological processes, paving the way for deeper 

understanding and discovery in genomics and biomedical research. Overall, the GO 

Consortium's efforts over the past two years have significantly enhanced the 

comprehensiveness, accuracy, and usability of the GO resource. Through the 

introduction of GO-CAMs, collaborations to refine and expand annotations, and 

improvements in accessibility and usability, the consortium continues to uphold its 

mission of providing a valuable resource for the scientific community. As genomics 

and biomedical research continue to advance, the GO Consortium remains 

committed to evolving and adapting to meet the evolving needs of researchers 

worldwide. (Paul D Thomas, 2020) 
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CHAPTER – 2 

REVIEW OF LITERATURE 

Hu et al. (2021) highlight the formidable challenge posed by pancreatic cancer, 

characterized by its aggressive nature, late-stage diagnosis, and limited treatment 

options, leading to a low 5-year survival rate. Despite advancements in medical 

technology, pancreatic cancer remains a major public health concern globally, with 

increasing incidence and mortality rates. Understanding its epidemiology, trends, 

and risk factors is crucial for effective prevention and management strategies. 

Giorgi (2022) narrates the evolution of the R programming language, tracing its roots 

to the collaborative efforts at Bell Laboratories in the 1970s. Initially conceived to 

democratize statistical analysis, R has since become indispensable in 

bioinformatics, data science, and beyond. Its user-friendly design and open-source 

nature have fostered a vibrant community that continues to drive its development. 

Today, R's versatility extends to diverse fields like physics and medicine, offering 

solutions for complex data analysis tasks and promoting reproducibility in research. 

While challenges such as scalability persist, R remains poised for future 

advancements, reflecting the transformative impact of technology on scientific 

inquiry. 

Liu (2021) presents a comprehensive protocol for conducting differential expression 

analysis using RNA sequencing (RNA-seq) data in cholangiocarcinoma (CHOL) 

research. The protocol focuses on utilizing open-source R/Bioconductor packages, 

including limma, DESeq2, and EdgeR, to identify differentially expressed genes 

(DEGs) extracted from The Cancer Genome Atlas (TCGA). Each method has its 

unique statistical framework and data processing steps, with limma employing a 

linear model, EdgeR using negative binomial distribution-based methods, and 

DESeq2 employing its own normalization approach. 

Marini (2020) presents "ideal," a novel web-based application within the 

R/Bioconductor environment, tailored for differential expression analysis in RNA 

sequencing (RNA-seq) data. Leveraging insights from life scientists and clinicians, 

ideal guides users through all stages of analysis, facilitating data extraction, 
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visualization, interpretation, and sharing. With features like state saving and 

automated HTML report generation, ideal ensures reproducibility and adherence to 

FAIR Guiding Principles. Unlike existing tools, ideal seamlessly integrates with 

R/Bioconductor packages, offering a comprehensive solution with enhanced 

documentation and learning features for user experience improvement. By 

combining interactivity with reproducibility, ideal empowers researchers to translate 

transcriptomic datasets into actionable insights efficiently. 

Thomas (2020) highlights the Gene Ontology (GO) Consortium's recent 

advancements in genomics. The introduction of the GO-Causal Activity Models 

(GO-CAM) framework and collaborations to refine and expand the GO resource 

mark significant progress. GO-CAM formalizes gene function models, enabling 

representation of causal relationships between molecular activities. Collaborations 

and a computational schema ensure integrity and reliability, resulting in a 10% 

increase in GO annotations and 25% more annotated gene products. The 

consortium's commitment to reviewing older annotations and enhancing user 

accessibility through website redesign underscores its dedication to providing a 

valuable resource. Overall, these efforts have enhanced the comprehensiveness, 

accuracy, and usability of the GO resource, supporting continued advancements in 

genomics and biomedical research. 

 

 

 

 

 

 

 

 



 

 

15 

 

CHAPTER – 3 

AIM AND SCOPE OF THE PROPOSED STUDY 

3.1 AIM  

This study aims to analyze RNA-Seq data from pancreatic cancer using R 

Programming language to find a gene which could be a potential biomarker. 

3.2  OBJECTIVES 

 Accessing the RNA-SEQ data of pancreatic cancer from TCGA database 

 Pre-processing of the RNA-SEQ data 

 Perform Differential gene expression analysis 

 Identifying genes showing statistically significant differences in expression levels 

across two or more experimental or biological conditions. 

 Determining expressed variants within cancer samples. 

 Conducting enrichment analysis using predefined Gene Ontology terms 

3.3  SCOPE  

The scope of this project is to leverage the computational capabilities of the R 

programming language to identify potential biomarkers for pancreatic cancer. And 

also it focuses on the discovery and validation of biomarkers for pancreatic cancer 

using computational approaches supported by the R programming language. 
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CHAPTER – 4 

METHODOLOGY 

4.1 DATA COLLECTION FOR THE DEA OF PANCREATIC CANCER 

The RNA-Seq dataset for pancreatic adenocarcinoma (PAAD), a form of brain 

cancer, was obtained from The Cancer Genome Atlas (TCGA) database using an R 

package. TCGA is a prominent initiative in cancer research dedicated to gathering 

and scrutinizing high quality tumor samples, providing researchers with access to 

associated data for analysis. The TCGA data portal provides researchers with the 

ability to explore, download, and analyze data for normal and tumor patients. This 

comprehensive database genomic sequencing data, clinical information, and other 

molecular characterization data obtained from thousands of cancer patients. 

4.2 DATA SETS OF THE PANCREATIC CANCER 

The data set used in this study contains 60660 gene identifiers of 178 people with 

pancreatic adenocarcinoma (PAAD) and 60660 gene identifiers of 4 normal people 

4.3 DATA RETRIVAL FROM TCGA DATABASE USING R 

I utilized the TCGAbiolinks package in R to download TCGA database data in the 

form of TSV files, specifically focusing on pancreatic adenocarcinoma (PAAD) 

cancer. Through its functions, users can easily access and analyze data from 

TCGA, download datasets as text or TSV files into their directory, perform 

integrative analysis, and visualize results efficiently. 

4.4 DATA PRE PROCESSING OF RETRIVED DATA SETS USING R 

To ensure data quality and consistency, preprocessing was conducted using the 

GDCprepare package in R. This involved normalization, batch correction, and 

quality control procedures. Proper preprocessing is crucial for accurate downstream 

analyses, ensuring reliable and reproducible results. By harnessing specialized 

tools and methodologies, we optimized the dataset for subsequent differential 
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expression and pathway analyses, laying the groundwork for biomarker discovery 

efforts. 

4.5 DIFFERENTIAL EXPRESSION ANALYSIS OF PANCREATIC CANCER 

USING R 

Differential expression analysis was performed using R programming language, 

employing packages such as DESeq2. The analysis identified genes that exhibited 

significant differences in expression levels. The result of differential expression 

analysis is split into three formats – Treated vs Not treated, Treated vs Normal, 

Normal vs not Treated 

4.6 GO ENRICHMENT ANALYSIS OF BIOLOGICAL PROCESS IN PANCREATIC 

CANCER USING R 

After conducting the differential analysis on the pancreatic adenocarcinoma (PAAD) 

dataset, I proceeded with Gene Ontology (GO) enrichment analysis focusing on 

biological processes. This method aims to elucidate the biological functions 

associated with the differentially expressed genes identified in the dataset. By 

annotating these genes based on their involvement in various biological processes, 

GO enrichment analysis provides valuable insights into the underlying molecular 

mechanisms driving PAAD progression. The process involves comparing the list of 

differentially expressed genes against a background set of all genes in the genome 

to identify overrepresented GO terms. These terms represent biological processes 

such as cell cycle regulation, immune response modulation, or metabolic pathways, 

among others. Statistical methods, often employing hypergeometric tests or Fisher's 

exact tests, are employed to determine the significance of enrichment. 

4.7 DATA VISUALIZATION OF GENE EXPRESSION LEVEL USING R 

Visualizing the expression levels of the narrowed genes in untreated versus treated 

conditions provides a clear representation of how gene expression patterns are 

altered by treatment in pancreatic adenocarcinoma (PAAD). Using a bar plot, each 

bar represents the mean or median expression level of a gene in the two conditions, 

with error bars indicating variability.  
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CHAPTER – 5 

RESULTS AND DISCUSSION 

5.1 LIBRARIES USED IN THIS STUDY 

  

Fig 5.1: Code for the Libraries used in R 

TCGAbiolinks: A comprehensive R package for accessing and analyzing data from 

The Cancer Genome Atlas (TCGA) database, facilitating genomic data retrieval, 

preprocessing, and downstream analysis. 

glmnet: Implements Lasso and Elastic-Net regularized generalized linear models, 

useful for variable selection and prediction in high-dimensional datasets, commonly 

used in genomic data analysis. 

factoextra: Provides functions to extract and visualize results from multivariate 

analysis techniques such as PCA, clustering, and correspondence analysis, 

enhancing interpretability and presentation of results. 

SummarizedExperiment: Provides infrastructure for storing and manipulating assay 

data alongside sample and feature metadata, commonly used in bioinformatics 

workflows for managing high-dimensional experimental data. 
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RColorBrewer: Provides color palettes suitable for enhancing the visual appeal and 

readability of plots, offering a wide range of color schemes for categorical, 

sequential, and diverging data. 

gProfileR: Facilitates functional enrichment analysis of gene sets, offering tools for 

identifying overrepresented Gene Ontology terms, pathways, and transcription 

factor binding sites among a list of genes. 

genefilter: Implements methods for filtering and selecting genes based on various 

criteria such as differential expression, variance, or fold change, useful for 

preprocessing genomic datasets prior to downstream analysis. 

jsonlite: Provides functions for reading, writing, and manipulating JSON (JavaScript 

Object Notation) data, commonly used for storing and exchanging structured data 

in web applications and APIs. 

org.Hs.eg.db: An annotation package providing mappings between gene identifiers 

and corresponding annotations for the human genome, facilitating the interpretation 

of genomic data. 

AnnotationDbi: Offers infrastructure for managing and querying annotation 

databases, supporting the integration of various annotation resources with genomic 

datasets. 

biomaRt: Provides access to biological data resources such as Ensembl through 

the BioMart web service, allowing for programmatic retrieval of gene annotations, 

sequences, and functional annotations. 

clusterProfiler: Performs functional enrichment analysis of gene clusters or sets, 

offering  

ggplot2: Offers additional plotting functionalities beyond base R graphics, including 

enhanced customization options for creating high-quality plots for exploratory data 

analysis and visualization of results. 
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5.2 SOURCE CODE FOR DATA RETRIEVAL FROM TCGA 

 

Fig 5.2: Code to retrieve data from TCGA using R 

This R code segment initiates the process of obtaining and preparing transcriptomic 

data from The Cancer Genome Atlas (TCGA) database specifically for pancreatic 

adenocarcinoma (PAAD) investigation. It begins by defining a query object, 

specifying parameters such as the TCGA project (designated as "TCGA-PAAD" for 

PAAD), data category (transcriptome profiling), data type (gene expression 

quantification), and experimental strategy (RNA-Seq). It also includes criteria for 

selecting sample types, targeting both primary tumor and solid tissue normal 

samples. Subsequently, the code downloads the data using the specified query 

parameters via the GDCdownload function, facilitating interaction with the Genomic 

Data Commons (GDC) API. Next, the downloaded data undergoes preparation for 

analysis through the GDCprepare function. This step organizes the data into a 

SummarizedExperiment object, effectively integrating gene expression counts with 

associated sample metadata. Finally, the code extracts clinical metadata from the 

prepared TCGA data object, enabling the retrieval of pertinent patient information 

such as demographics and clinical characteristics. 
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5.3 PANCREATIC CANCER DATA SET 

Table 5.1: Data set contains 60660 genes of pancreatic cancer 

ENSG00000000003.15 2684 3654 880 1090 1361 

ENSG00000000005.6 0 1 0 4 0 

ENSG00000000419.13 1139 1620 941 974 1148 

ENSG00000000457.14 609 916 372 438 711 

ENSG00000000460.17 179 314 174 171 216 

ENSG00000000938.13 321 433 69 300 496 

ENSG00000000971.16 2473 10156 1659 6457 7855 

ENSG00000001036.14 2051 1710 1075 2185 473 

ENSG00000001084.13 1230 1097 732 1544 494 

ENSG00000001167.14 1078 1476 773 830 1139 

ENSG00000001460.18 438 943 466 508 280 

ENSG00000001461.17 2002 3087 1477 1564 2074 

ENSG00000001497.18 2816 2186 958 1484 934 

ENSG00000001561.7 790 2388 447 860 389 

ENSG00000001617.12 2666 1731 3066 2216 2874 

ENSG00000001626.16 29541 9813 3359 7358 1583 

ENSG00000001629.10 2432 2727 2658 2614 1277 

ENSG00000001630.17 211 213 56 91 20 

ENSG00000001631.16 227 332 189 270 153 

ENSG00000002016.18 388 393 366 378 461 

ENSG00000002079.14 49 150 133 79 92 

………………………… ….. …… …… …… ….. 

ENSG00000002330.14 521 583 319 546 335 

This data from TCGA, is derived from RNA sequencing experiments. Each row 

corresponds to a specific gene, identified by its Ensembl gene ID, while the columns 

represent different patient. It contains 60660 gene data of 178 people. The values 

in the table represent the counts of RNA transcripts for each gene in each sample. 

This data is crucial for differential expression analysis, where changes in gene 
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expression levels between different conditions, such as cancer versus normal 

tissues, are assessed. It provides insights into the transcriptional activity of genes 

and aids in understanding the molecular mechanisms underlying diseases like 

cancer. 

5.4 SOURCE CODE TO SEPARATE CLINICAL DATA  

 

Fig 5.3: Code to get clinical data using r 

This R code filters and subsets clinical data from a dataframe called clinical, 

focusing on patients diagnosed with primary solid tumors. It selects specific columns 

including patient identifiers, vital status (alive or deceased), days to death for 

deceased patients, days to last follow-up for living patients, treatments received, 

and gender. By applying the condition clinical$definition == “primary solid tumor”, 

only rows corresponding to patients with primary solid tumors are retained. This 

subset, stored in a new dataframe named clin_df, is likely intended for further 

analysis or visualization aimed at understanding the clinical characteristics and 

outcomes of patients with primary solid tumors. 
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5.5 CLINICAL DATA SET  

Table 5.2: Clinical data of 178 patients 

 vital_sta

tus 

days_to

_death 

days_to_las

t_follow_up 

treatment

s 

gender 

TCGA-IB-A6UG-01A-

32R-A33R-07 

Dead 41 NA not 

treated 

male 

TCGA-3A-A9IU-01A-

11R-A39D-07 

Dead 458 NA treated male 

TCGA-FB-A545-01A-

11R-A26U-07 

Dead 732 385 treated female 

TCGA-IB-AAUQ-01A-

22R-A41I-07 

Dead 183 NA treated male 

TCGA-HV-A5A3-01A-

11R-A26U-07 

Dead 128 NA treated male 

TCGA-IB-7897-01A-

21R-2204-07 

Dead 486 NA not 

treated 

female 

TCGA-HV-AA8V-01A-

11R-A41B-07 

Alive NA 920 treated male 

TCGA-HV-A5A5-01A-

11R-A26U-07 

Alive NA 289 treated female 

TCGA-HZ-8638-01A-

11R-2404-07 

Dead 151 91 not 

treated 

female 

TCGA-F2-7276-01A-

11R-2156-07 

Dead 216 NA treated male 

TCGA-F2-6880-01A-

11R-2156-07 

Alive NA 295 treated male 

TCGA-M8-A5N4-01A-

11R-A26U-07 

Alive NA 584 treated female 

TCGA-3A-A9IJ-01A-

11R-A39D-07 

Alive NA 1854 not 

treated 

male 
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TCGA-HZ-8637-01A-

11R-2404-07 

Dead 517 0 treated female 

This clinical data includes information on vital status, days to death, days to last 

follow-up, treatment received, and gender for each patient sample. Vital status 

indicates whether the patient is alive or deceased, while days to death and days to 

last follow-up represent the time elapsed from diagnosis to death or last follow-up, 

respectively. Treatment details specify whether the patient received treatment or 

not, and gender identifies the patient's sex. This clinical data is crucial for correlating 

patient outcomes with various factors such as treatment response, survival times, 

and demographic characteristics, aiding in clinical research and treatment decision-

making in cancer care. 

5.6 DIFFERENTIAL EXPRESSION ANALYSIS OF PANCREATIC CANCER 

 

Fig 5.4: Code for differential gene expression analysis in R 

This R code utilizes the DESeq2 package, a popular tool for analyzing RNA-Seq 

data, to perform differential expression analysis between different treatment 

conditions in a dataset. 
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First, the count data, which typically represents the number of sequencing reads 

mapped to each gene, is converted into a matrix format using the as.matrix() 

function. This matrix, count.matrix, serves as the input data for DESeq2 analysis. 

Next, a DESeqDataSet object, dds, is created using DeseqDatasetMatrix() function. 

This function requires the count data matrix countdata, sample metadata coldata, 

and a design formula design specifying the experimental design and the variables 

of interest, in this case, the treatment conditions. 

The DeESeq function is then used to run the DESeq2 analysis on the dds object, 

estimating size factors and dispersion parameters, and fitting a negative binomial 

generalized linear model to the count data. 

After the DESeq2 analysis is performed, contrasts of interest are defined using the 

contrast argument. Three specific contrasts are defined: between treated and 

untreated samples contrast_treated_notreated, between normal and treated 

samples contrast_normal_treated, and between normal and untreated samples 

contrast_normal_notreated. 

The result() function is then applied to extract the differential expression results for 

each defined contrast. This function calculates fold changes, log2 fold changes, p-

values, and adjusted p-values (typically using the Benjamini-Hochberg procedure) 

for each gene, indicating the extent of differential expression between the specified 

conditions. 

In summary, this code segment enables the user to conduct differential expression 

analysis between different treatment conditions in an RNA-Seq dataset using 

DESeq2, providing valuable insights into the genes and pathways that are 

modulated by the treatments under investigation. 
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5.7 RESULTS OF DESEQ2 

5.7.1 Treated vs Not treated 

 

                               Fig 5.5: Result of DEA Treated vs Not treated 
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5.7.2 Treated VS Normal 

 

                                FIG 5.6: Result of DEA Treated vs Normal 
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5.7.3 Normal vs Not treated 

 

                                 Fig 5.7: Result of DEA Normal vs Not treated 
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5.8 VOLCANO PLOT  

 

Fig 5.8: Code to create volcano plot for pancreatic cancer using R 

This R code snippet is used to create a volcano plot, a common visualization method 

for displaying results from differential expression analysis. Assuming that the 

differential expression analysis results are stored in a variable named 'results', the 

first step sets a significance threshold, typically a corrected p-value cutoff, which 

determines the genes considered significantly differentially expressed. The volcano 

plot is then generated using the 'plot' function. The x-axis represents the log2 fold 

change, which quantifies the magnitude of gene expression differences between the 

two conditions (in this case, normal vs. not treated), while the y-axis represents the 

negative log10-transformed adjusted p-values. Adjusted p-values account for 

multiple testing and are commonly used to assess the statistical significance of 

differential expression. In the plot, each data point represents a gene, with its 

position determined by its log2 fold change and adjusted p-value. The 'pch=20' 

argument specifies the point character as a solid circle.Significantly differentially 

expressed genes are highlighted in red using the 'points' function, which overlays 

red circles on top of the corresponding data points with adjusted p-values below the 

significance threshold. Finally, a legend is added to the plot using the 'legend' 

function, indicating the colors used to represent significant and non-significant 

genes. This visualization allows for easy identification of genes with substantial 

changes in expression levels and high statistical significance, aiding in the 
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prioritization of candidate genes for further investigation. The volcano plot effectively 

conveys both the magnitude and statistical confidence of gene expression 

differences between conditions, providing valuable insights into the underlying 

biology of the studied phenomenon. 

 

 

 

 

 

 

 

                       

 

Fig 5.9: Volcano plot for Treated vs Normal in pancreatic cancer 

 

 

 

 

 

 

 

 

 

 

Fig 5.10: Volcano plot for Treated vs Not treated in pancreatic cancer 
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Fig 5.11: Volcano plot for Normal vs Not treated in pancreatic cancer 

5.8.1 X-axis(fold change) 

The X-axis typically represents the fold change in gene expression between two 

conditions. Each point on the plot represents a gene, with its position on the X-axis 

indicating how much its expression level changes between the two conditions. For 

example, genes that are upregulated in condition A compared to condition B will be 

located on the right side of the plot, while genes that are downregulated will be on 

the left side. 

5.8.2 Y-axis(statistical significance) 

The Y-axis represents the statistical significance of the observed changes in gene 

expression. It is usually represented as the negative logarithm of the p-value 

obtained from statistical tests such as t-tests or ANOVA. The higher the point on the 

Y-axis, the more statistically significant the change in gene expression. 

5.8.3 Plotting points 

 Each gene is represented by a point on the plot, with its position determined by 

both its fold change and statistical significance. Genes with a large fold change and 

high statistical significance are typically considered the most interesting, as they 

represent the most pronounced and reliable changes in expression between the two 

conditions. 
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5.8.4 Highlighting significant genes 

 I have used different colors to highlight genes that meet predefined criteria for 

statistical significance, such as an adjusted p-value below a certain threshold (e.g., 

p < 0.05) or a fold change greater than a specified value. 

5.8.5 Interpretation 

 By examining the volcano plot, we can see that the upregulated genes are more 

likely to be involved with the pancreatic cancer 

5.8.6 Filtering 

Then the Highly expressed genes are filtered and compared with other results which 

led to 15 genes that are most likely involved 

5.9 GO ENRICHMENT ANALYSIS OF BIOLOGICAL PROCESS IN FILTERED 

GENES 

 

Fig 5.12: Code for GO enrichment analysis using R 

This R code snippet performs Gene Ontology (GO) enrichment analysis for a set of 

genes of interest, represented by their Ensembl gene IDs. Firstly, the genes_to_test 

vector contains a list of Ensembl gene IDs for the genes under investigation. These 

genes may have been identified through prior analysis, such as differential 

expression analysis, and are now being further explored for their functional 
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relevance.The enrichGO function from the clusterprofilerpackage is then used to 

conduct the GO enrichment analysis. This function takes several parameters, 

including the input gene list (gene), the organism database OrgDB, here specified 

as org.hs.eg.db for Homo sapiens), the type of key identifier used (keytype, set to 

"ENSEMBL" to match the input gene IDs), and the ontology aspect of interest (onf, 

specified as "BP" for biological process). 

The results of the GO enrichment analysis are stored in the GO_results object, 

which contains information about enriched GO terms along with statistical 

significance measures such as p-values and adjusted p-values. To visualize the 

enriched GO terms, a bar plot is created using the barplot function. The 

showcategory parameter specifies the number of top enriched terms to display in 

the plot. Here, showcategory = 7 indicates that the top 7 enriched terms will be 

shown in the bar plot. Finally, the enriched GO results are saved as a CSV file 

named "GO_results.csv" using the write.csv function. Setting rownames = true 

ensures that row names (corresponding to the GO terms) are included in the CSV 

file. 

 

Fig 5.13: GO enrichment analysis barplot 
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Fig 5.14: Results of Gene ontology enrichment analysis 



 

 

35 

 

Formation of quadruple SL/U4/U5/U6 snRNP: This process involves the assembly 

of the spliceosomal complex, a crucial machinery responsible for pre-mRNA 

splicing. The formation of quadruple small nuclear ribonucleoprotein particles 

(snRNPs) comprising U4, U5, and U6 snRNAs is essential for spliceosome function 

and proper RNA splicing. 

mRNA trans splicing, via spliceosome: Trans-splicing is a mechanism where exons 

from different pre-mRNAs are joined together to produce a mature mRNA. This 

process, facilitated by the spliceosome, allows for the diversification of transcripts 

and can contribute to gene regulation and protein diversity. 

mRNA trans splicing, SL addition: This process involves the addition of a spliced 

leader (SL) sequence to mRNA transcripts during trans-splicing. SL addition is 

prevalent in organisms like trypanosomes and nematodes and plays a role in mRNA 

processing and translation initiation. 

Spliceosomal tri-snRNP complex assembly: Tri-snRNP complexes are essential 

components of the spliceosome involved in pre-mRNA splicing. Assembly of these 

complexes is critical for spliceosome function and proper mRNA processing. 

Spliceosomal snRNP assembly: This process refers to the assembly of small 

nuclear ribonucleoprotein particles (snRNPs), which are key components of the 

spliceosome. Proper assembly of snRNPs is necessary for spliceosome activity and 

accurate splicing of pre-mRNA transcripts. 

SRP-dependent cotranslational protein targeting to membrane, signal sequence 

recognition: Signal recognition particle (SRP)-dependent cotranslational targeting is 

a mechanism for directing nascent polypeptides to the endoplasmic reticulum (ER) 

membrane for membrane insertion or secretion. This process involves the 

recognition of signal sequences in the nascent polypeptide chain by the SRP 

complex. Protein-RNA complex assembly: This process encompasses the 

formation of complexes between proteins and RNA molecules. Such complexes 

play diverse roles in cellular processes, including RNA processing, regulation of 

gene expression, and post-transcriptional modifications. Protein-RNA complex 

organization: Once formed, protein-RNA complexes undergo organization and 
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structural rearrangements to perform specific functions. This process ensures 

proper coordination and functionality of the complex in various cellular processes. 

Protein targeting to ER: This process involves the delivery of newly synthesized 

proteins to the endoplasmic reticulum (ER) for proper folding, modification, and 

trafficking. Protein targeting to the ER is essential for maintaining cellular 

homeostasis and is critical for the biogenesis of secretory and membrane proteins. 

Establishment of protein localization to endoplasmic reticulum: This process 

involves the initial steps in targeting and anchoring proteins to the endoplasmic 

reticulum membrane, ensuring their proper localization and function within the ER 

compartment. From the enriched biological processes these three potential genes 

that could serve as biomarkers: 

ENSG00000200795: This gene is associated with several enriched biological 

processes, including mRNA Trans splicing, spliceosomal complex assembly, and 

protein-RNA complex organization. Given its involvement in these critical cellular 

processes, dysregulation of ENSG00000200795 could potentially serve as a 

biomarker for aberrant splicing events or disruptions in RNA processing pathways, 

which are commonly observed in various diseases, including cancer. 

ENSG00000202538: Similar to ENSG00000200795, this gene is also implicated in 

mRNA Trans splicing, spliceosomal complex assembly, and protein-RNA complex 

organization. Dysregulation of ENSG00000202538 may reflect abnormalities in 

RNA processing machinery and spliceosome function, making it a candidate 

biomarker for conditions associated with splicing defects, such as certain types of 

cancer or genetic disorders. 

ENSG00000276168: This gene is involved in SRP-dependent cotranslational 

protein targeting to the membrane and protein targeting to the endoplasmic 

reticulum (ER). Dysregulation of ENSG00000276168 could indicate disruptions in 

protein localization and trafficking processes, which are crucial for cellular 

homeostasis and proper function of the ER. Aberrant expression or activity of this 

gene may thus serve as a biomarker for ER-related stress conditions, such as ER 

stress in cancer cells or neurodegenerative diseases. 
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5.10 DATA VISUALIZATION OF EXPRESSION LEVEL IN FILTERED GENES 

Data visualization has been done via bar plots as it is efficient for comparing 

expression level of single gene 

By comparing the expression levels of each candidate gene with normally 

expressed genes, identified a single gene which could be a potential biomarker. 

 

Fig 5.15: Expression barplot for gene ENSG00000202538 

 

 

 

 

 

 

Fig 5.16: Expression barplot for gene ENSG00000276168 
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           Fig 5.17: Expression barplot for gene ENSG00000200795 

From these barplots I have identified that gene ENSG00000200795 - RN7SL1 could 

be an potential biomarker for pancreatic cancer 

 

 

 

 

 

 

 

 

 

 



 

 

39 

 

CHAPTER – 6 

SUMMARY AND CONCLUSIONS 

The findings of this study underscore the complexity of pancreatic cancer biology 

and the importance of integrated analyses in biomarker discovery. The identified 

gene offer valuable insights into the molecular mechanisms underlying pancreatic 

cancer pathogenesis and provide potential targets for therapeutic intervention. 

In conclusion, this project employed differential expression analysis techniques to 

identify potential biomarkers for pancreatic cancer. The integration of genomic data, 

pathway analysis, and expression outcomes enhances our understanding of 

pancreatic cancer biology and facilitates the discovery of novel therapeutic targets. 

Future research endeavors should focus on validating the identified biomarkers and 

elucidating their functional significance in pancreatic cancer biology. Additionally, 

prospective clinical studies are needed to evaluate the clinical utility of the identified 

biomarker in real-world settings. 
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