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ABSTRACT

Brain tumors are relatively rare compared to other types of cancers in which
Glioblastoma is the most common primary malignant brain tumor and it occurs more
often in older adults and more often in men. Glioblastoma is a grade 4 brain tumor.
Through the study, RNA-Seq dataset of glioblastoma multiforme extracted from the
Cancer Genome Atlas Program (TCGA) using package called TCGAbiolinks in R
Studio. In this project, present RNAlysis software which is a python-based software for
analysis of brain cancer dataset. Intersections between gene sets can be visualized
and cluster analysis provides expression patterns of the dataset. After preprocessing,
22290 gene ids are obtained out of 60660 gene ids, that dataset is used for
differential gene expression analysis between experimental conditions like healthy
tissue versus brain cancer. Identified 893 differential expression genes DGEs and
these are up regulated and the function of 894 (DGES), is a critical step in interpreting
the results of brain cancer. In this project, used an Enrichr package in RStudio for
Enrichment analysis based on the concept of enriched functional GO term enrichment
analysis, were applied for the identification of key genes and pathways involved in GBM.
The biological process (BP) containing 2937 enriched terms, the top enriched terms
like membrane depolarization during action potential, calcium ion import, regulation of
ion transmembrane transport, negative regulation of cytosolic calcium lon
concentration, microtubule -based movement and providing more biologically
meaningful results related to brain cancer. It was understood that studying gene
changes and gene expressions in RNA-Seq data that contribute to the GBM could help
understand and identify potential therapeutic targets and predictive biomarkers studies

for further analysis.

KEYWORDS: Brain Cancer, RNA-Seq, Exploratory Data Analysis, Clustering Analysis,

Differential Gene Expression Analysis, Enrichment Analysis
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CHAPTER 1
INTRODUCTION

1.1 BRAIN CANCER

Cancer is a disease in which some of the body cells grow uncontrollably and spread to
other parts of the body. It can start almost anywhere in the human body, which is made
up of trillions of cells. These cells can form tumor or invade nearby tissues and organs,
causing damage and impairing their function. Cancerous tumors may also be referred

to as malignant tumors.

Cancer is primarily a genetic disease, caused by changes to genes that control the way
our cells function, especially how they grow and divide. Cancer occurs by a series of
successive mutations in genes so that these mutations change cell functions. For
children, the highest percentage types of cancer disease are blood cancer, and cancers
related to the brain and lymph nodes, respectively (M Dehghani et al., 2017).

Brain tumors are dangerous and some types of brain tumors are cancerous, known as
malignant brain tumors these are cancerous. They typically grow rapidly and invade
surrounding healthy brain structures. Brain tumors are the most primitive, invasive and
malignant in humans with poor survival after diagnosis (Roda E. et al., 2022).0One

common type of brain tumor is gliomas, can be benign and most are malignant.

About 33% of all brain tumors are gliomas, accounting for about 80% of the total
malignant central nervous system (CNS) tumors in adults (Hanif F. et al., 2017). Glioma
is a broad category of glial brain and spinal cord tumors which originate in the glial cells
or look like glial cells that surround and support neurons in the brain, including
astrocytes, oligodendrocytes, and ependymal cells. Types of gliomas and related brain
tumors include astrocytoma, glioblastoma, oligodendroglioma and ependymoma
(Eudocia Q et al., 2018).


https://www.sciencedirect.com/topics/medicine-and-dentistry/hematological-cancer
https://www.mayoclinic.org/diseases-conditions/oligodendroglioma/cdc-20350152
https://www.mayoclinic.org/diseases-conditions/ependymoma/cdc-20350144

Among these, glioblastoma (GBM) is most common type of malignant brain tumor and
aggressive primary brain tumors (Birzu, et al., 2021). The tumor microenvironment
(TME) plays a crucial role in mediating tumor progression and invasiveness,

contributing to brain tumor aggression and poor prognosis (Yekula et al., 2020).

1.2 GLIOBLASTOMA MULTIFORME (GBM)

Glioblastoma multiforme (GBM) is one of the most aggressive malignancies and also
the most common malignant primary tumor of the brain and central nervous system,
accounting for 14.5% of all central nervous system tumors and 48.6% of malignant
central nervous system tumors which is a rapidly growing type of brain tumor (Grochans

et al., 2022). It accounts for more than 60% of all brain tumors in adults.

Glioblastoma (GBM), also referred to as a grade 1V astrocytoma, is a fast-growing and
aggressive brain tumor. It invades the nearby brain tissue, but generally does not
spread to distant organs. GBMs belong to a category of tumors known as astrocytomas,
originating from cells called astrocytes and is the higher-grade malignant glioma (grade
IV) (Grochans et al., 2022). Astrocytes are endogenous native cells of the brain,
phenotypically similar to glioma cells and communicate with glioma cells to play a major

role in promoting tumor growth and survival (Yekula et al., 2020).

These cells play a vital role in supporting nerve cells and delivering nutrients to them.
GBM is the most prevalent type of primary malignant brain tumor in adults. In adults,
GBM occurs most often in the cerebral hemispheres especially in the frontal and
temporal lobes of the brain, with approximately 95% of tumors arising in the
supratentorial region. However, a small percentage of tumors may occur in the

cerebellum, brainstem, or spinal cord (Davis et al., 2016).

The only identified risk factors for GBM exposure to high dose ionizing radiation is the

only confirmed risk factor and certain genetic syndromes (Hanif et al., 2017). GBM is



an extremely aggressive form and devastating brain cancer that can result in often
leading to death within six months if left untreated. Therefore, it is crucial to seek
immediate expert neuro-oncological and neurosurgical care, as prompt treatment can

significantly impact overall survival.

1.3 RNA-SEQUENCING (RNA-Seq)

In recent years, RNA Sequencing (RNA-Seq) has become a functional and amazing
technology for profiling gene expression. RNA-Seq is generally used to compare gene
expression between conditions, and find out which genes are up- or down-regulated in
each condition. RNA-Seq is a powerful tool to investigation of the cancer pathogenesis

and development of new drug agents to cancer treatment.

Differential Expression (DE) analysis as the most important applications of RNA-Seq
data analysis can be used for downstream systems biology analysis such as gene
ontology (GO) to provide insights into cellular processes altered between biological
function and Enrichment of biological pathways. This functional information is crucial
for identification of molecular targets for precision therapeutics. These analyses are
routinely used in a variety of research areas including type of cancer and human

disease research such as brain and drug development (A. Siavoshi et al., 2022).

Computational analysis of RNA-Seq data has led to many scientific advances, including
novel therapeutic discoveries, detailed understanding of genetic regulatory regions,

and identification of biomarkers and pathogenic mutations (Deshpande, D. et al., 2023).



CHAPTER 2
REVIEW OF LITERATURE

Teichman et al. (2023) developed RNAlysis, a modular Python-based analysis software
for RNA sequencing data. This software facilitates exploratory data analysis, data
visualization, clustering analysis, and gene set enrichment analysis using RNA
sequencing data from various studies. RNAlysis offers a user-friendly graphical
interface, eliminating the need for researchers to write code. It is applicable to data from

any organism with a reference genome.

Grochans et al. (2022) provided an overview of glioblastoma multiforme (GBM)
pathogenesis, including epidemiological data by age, gender, and tumor location.
Despite medical advancements, GBM remains a highly aggressive primary brain tumor,
more common in men. The review analyzed key molecular changes triggering GBM, as

well as risk factors and protective factors associated with the disease.

Davis et al. (2016) discussed current treatment options for GBM, including surgical
resection, radiation, and chemotherapy. They highlighted advances in understanding
the molecular pathology of GBM, leading to novel therapies such as tumor-treating
fields, molecular receptor-targeting drugs, and immunotherapy. The importance of
palliative care and symptom management throughout the continuum of care was

emphasized.

Birzu et al. (2020) reviewed standard treatments for newly diagnosed GBM, focusing
on maximal safe resection followed by radiotherapy and adjuvant chemotherapy.
Despite these treatments, nearly all GBMs relapse, prompting the exploration of
molecular targeted therapies and precision medicine approaches. The review also
discussed ongoing clinical trials analyzing new drugs and combination regimens for

recurrent GBM.



Roda et al. (2022) proposed novel therapeutic strategies for brain tumors, emphasizing
tumor heterogeneity, the tumor microenvironment, and innovative treatments such as
virotherapy and immunotherapy. They highlighted the importance of personalized
pharmacological interventions targeting neuro- inflammation, the tumor

microenvironment, and blood-brain barrier leakage.

Yekula et al. (2020) provided a comprehensive review of extracellular vesicles (EVs) in
GBM, highlighting their role in tumor proliferation, angiogenesis, immune evasion, and
drug resistance. They emphasized the need for further research to understand the
functional implications of EV subtypes and their potential as therapeutic targets in GBM.

Silva et al. (2016) discussed biotechnological advances in sequencing and the analysis
of genomic and epigenomic data from large international consortia such as The Cancer
Genome Atlas (TCGA). They described a workflow using Bioconductor packages to

extract biologically meaningful data, illustrated by analyzing brain tumors.

Maxim et al. (2016) presented an update to the Enrichr tool for gene set enrichment
analysis, which contains a vast collection of annotated gene sets from various sources.
New features include the ability to submit fuzzy sets, upload BED files, and visualize
results as cluster grams. Enrichr is praised for its comprehensiveness and ease of use

but lacks some flexibility compared to other tools.

McDermaid et al. (2019) reviewed the analysis of differential gene expression (DGE)
results from RNA-Seq data. They underscored the significance of DGE analysis in
understanding gene expression alterations across varied conditions. The review
highlighted the complexities in interpreting DGE results due to diverse formats and
information overload. Authors introduced an R/Bioconductor package named
"Visualization of Differential Gene Expression Results using R." This package aims to
produce comprehensive visualizations for interpreting DGE outcomes generated by

popular tools like, DESeqg2, and edgeR.



Siavoshi et al. (2022) investigated the pathogenesis of advanced epithelial ovarian
cancer (EOC) using R software and Linux. They identified 333 up-regulated and 273
down-regulated genes related to EOC development. Among these genes, RPL41,
ALDH3A2, ERBB2, MIEN1, RBM25, ATF4, UPF2, DDIT3, HOXBS8, and IL17D, as well
as pathways like Ribosome and Glycolysis/Gluconeogenesis, were highlighted as
potential targets for EOC diagnosis and treatment. Further experiments and gene
network analyses are needed to confirm their functions. The study emphasizes the
importance of analyzing individual ovarian cancer datasets due to histologic

classification variations, aiming to identify progression stages of EOC.



CHAPTER 3
AIM AND OBJECTIVE OF THE PROPOSED STUDY

3.1 AIM

This study aims to analyze RNA-Seq data from brain cancer using RNALysis software
for preprocessing and identifying differentially expressed genes. It will conduct
clustering analysis, visualize gene expression profiles. Perform enrichment analysis

with functional Gene Ontology enriched terms using the Enrichr package in R Studio.

3.2 OBJECTIVES

e Assessing the quality and integrity of RNA-Seq data pertaining to brain cancer.

¢ |dentifying over- or under-represented classes of genes, biological pathways,
and processes enriched based on gene expression patterns.

¢ |dentifying genes showing statistically significant differences in expression levels
across two or more experimental or biological conditions.

e Determining expressed variants within cancer samples.

e Conducting enrichment analysis using predefined Gene Ontology terms.



CHAPTER 4
METHODOLOGY

4.1 DATA SOURCE

The RNA-Seq dataset for glioblastoma multiforme (GBM), 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 spanning approximately 30 different tumor types. This
comprehensive database genomic sequencing data, clinical information, and other

molecular characterization data obtained from thousands of cancer patients.

4.2 DATA SET

The dataset analyzed in this study focuses on Glioblastoma multiforme (GBM), a
rapidly proliferating type of brain tumor extensively utilized in cancer research. This
brain dataset consists of 60,660 gene identifiers, where rows and columns represent
samples of Glioblastoma Multiforme (GBM). A total of 13 cases have been observed,

encompassing both males and females.

The dataset includes parameters such as experimental strategy (RNA-Seq), data type
(Gene expression quantification), data category (Transcriptome profiling). The sample
type is recurrent tumor, and the primary site is the brain. These quantification metrics
enable the analysis of differential gene expression, identification of biomarkers,
exploration of biological pathways, and correlation of gene expression with clinical

outcomes in brain cancer samples.



4.3 DATA RETRIEVAL

The TCGA brain cancer dataset, specifically Glioblastoma Multiforme (GBM), was
obtained using RStudio with the assistance of the "TCGAbiolinks" package. This
package facilitates direct retrieval of the dataset from the TCGA database by providing
sample IDs and relevant parameters. 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. Utilizing
TCGADbiolinks streamlines the data retrieval process and enhances the accessibility
and usability of TCGA datasets for research purposes (Silva T. C et al., 2016).

4.4 ANALYSING RNA-SEQ USING RNALysis SOFTWARE

RNAlysis is a modular Python-based analysis software designed specifically for RNA
sequencing data. Its main window provides a user-friendly interface for filtering,
processing, analyzing, normalizing, and summarizing data tables, with a focus on RNA
sequencing data. RNAlysis offers the flexibility to build customized analysis pipelines
and conduct exploratory data analysis, data visualization, clustering analysis, and

gene-set enrichment analysis.

RNAlysis enables researchers to analyze and visualize the data using tools and
functions available within the software. By providing relevant parameters, researchers
can tailor the analysis to their specific research objectives and gain insights into the
molecular landscape of brain cancer. RNAlysis facilitates efficient and comprehensive
analysis of RNA-Seq data, empowering researchers to uncover novel findings and

contribute to our understanding of brain cancer biology (Teichman G. et al., 2023).

4.5 DATA PREPROCESSING AND EXPLORATORY DATA ANALYSIS

Exploratory Data Analysis (EDA) is a fundamental approach in analyzing RNA-Seq

datasets, particularly in cancer research, aimed at comprehensively understanding the



characteristics, patterns, and quality of the data. In RNA-Seq data analysis, EDA is
crucial for gaining insights into gene expression profiles, identifying potential outliers or
anomalies, and assessing data quality. Removing or correcting missing values, filtering
out low-quality data. Creating plots such as histograms, boxplots and pair plots, etc., to

explore gene expression distributions, identify patterns, and detect outliers.

Additionally, dimensionality reduction is a technique which is used to simplify complex
high-dimensional data into a lower-dimensional representation while retaining as much
information as possible and maintaining or improving the model’s performance (Al-
khassaweneh M et al.,, 2023). Dimentionality Reduction Techniques like principal
component analysis (PCA) can help visualize high-dimensional data and identify

clusters or patterns.

4.5.1 FILTER OUT LOWLY-EXPRESSED GENES

Filtering out lowly expressed genes is a crucial preprocessing step in RNA-Seq data
analysis, particularly in the context of TCGA-GBM data. This step helps to reduce noise
and improve the accuracy of downstream analyses, such as differential gene

expression analysis or clustering.

In RNAlysis, users can preprocess their data by normalizing it through various methods
and eliminating rows with missing data from their tables. Additionally, we can filter out
lowly expressed genes by setting a threshold parameter, ensuring that genes with
expression levels below this threshold in the table are removed. One commonly used
metric for this purpose is FPKM (Fragments Per Kilo base of transcript per Million
mapped reads), which adjusts for factors like sequencing depth and gene length,
making it suitable for comparing gene counts within a sample (Teichman G. et al.,
2023).

By applying this filtering step, genes with low expression levels across all samples are

excluded, resulting in a more refined dataset for subsequent analyses. This enhances

10



the reliability and interpretability of downstream analyses performed on the TCGA-GBM
RNA-Seq dataset.

4.5.2 EXAMINE VARIANCE IN OUR DATA WITH PRINCIPAL COMPONENT
ANALYSIS

Principal Component Analysis (PCA) is a robust dimensionality reduction technique
utilized in Exploratory Data Analysis (EDA). It is a statistical method that transforms
high-dimensional data into a lower-dimensional space while preserving the most crucial
patterns or variations in the data. PCA accomplishes this by identifying principal
components, which are linear combinations of the original variables that capture the

maximum variance in the data.

By converting the original high-dimensional gene expression data into a new set of
variables known as principal components, PCA unveils the underlying structure of the
data. The initial principal component captures the highest variance, followed by
subsequent components capturing decreasing amounts of variance. These principal
components, sorted by their contribution to the variance, reveal the axes of maximal

variance (Yasser Perera et al., 2021).

In the context of RNA-Seq data analysis of TCGA-GBM, PCA serves to visualize the
variance among samples, identify potential clusters of samples with similar gene
expression profiles, and explore the relationships between samples. This exploratory
analysis yields valuable insights into the fundamental biology of GBM and facilitates

the interpretation of subsequent analyses (Teichman G. et al., 2023).

4.5.3 PAIR PLOT

Pair plots, also known as scatterplot matrices, are invaluable visualizations utilized in
data analysis to concurrently explore relationships between multiple variables. In the
context of RNA-Seq data analysis in brain cancer, pair plots serve as effective tools for

11



visualizing relationships among gene expression levels, clinical variables, and other

relevant features.

Pair plots provide a concise visualization of high-dimensional data, enabling the
identification of patterns and clusters within the dataset. By presenting scatterplots of
each variable pair in the dataset matrix, pair plots empower researchers to assess

correlations, detect outliers, and recognize potential associations between variables.

In RNA-Seq data analysis of brain cancer, pair plots play a crucial role in elucidating
relationships between gene expression profiles and clinical characteristics, such as
tumor subtype, patient outcome, or treatment response. They contribute to a deeper
understanding of the complex interplay between genetic factors and clinical outcomes
(Teichman G. et al., 2023).

4.5.4 BOX PLOT

Exploratory data analysis utilizes statistical techniques to unveil patterns hidden within
a dataset. One such technique is the "Box plot,” which visually summarizes and
compares groups of data. The box plot employs the median, quartiles, and extreme
values to convey the distribution's level, spread, and symmetry. It aids in pattern
identification, outlier detection, and distribution comparison across different sample

groups or conditions (Liao C. et al., 2023).

In a box plot, the central box represents the interquartile range (IQR), containing the
middle 50% of the data, with the line within denoting the median. Whiskers extend from
the box to depict variability beyond the upper and lower quartiles. The length of the
whiskers is often determined by a specified range, such as 1.5 times the IQR. Data
points outside the whiskers are considered outliers and may be plotted individually. The
lower whisker boundary corresponds to the minimum dataset value, while the upper

boundary corresponds to the maximum value (Teichman G. et al., 2023).

12



4.6 CLUSTERING ANALYSIS

Clustering analysis is a fundamental technique utilized in bioinformatics and gene
expression analysis to partition datasets into groups, or clusters, based on similarities
among samples or features. RNAlysis offers support for various clustering methods,
enabling researchers to group genes based on their expression patterns across
samples. Additionally, the Gap Statistic method is employed to determine optimal

options for the number of clusters in the analysis.

Methods:

K-means Clustering Method is used to identify patterns and group similar samples or
genes together based on their expression profiles.

Parameters are like number of clusters determined by Gap Statistic method, Power
transform = true. K-means is a partitioning clustering algorithm that assigns each
sample to the nearest centroid. It aims to minimize the within-cluster variance and is

suitable for datasets with predefined cluster numbers.

K- Medoids clustering Method also known as partitioning around medoids , is a
variation of the K-means clustering algorithm that uses actual data points (medoids) as
cluster centers instead of centroids.

Parameters are like number of clusters = 14, Metric = Spearman. K-medoids is a
distance- based clustering algorithm similar to K-means but utilizes representative data
points called "medoids" as cluster centers. It is robust to outliers and minimizes total

dissimilarity within clusters.

Hierarchical clustering method defined as each data point is considered a separate
cluster. Then, iteratively merge the closest pair of clusters based on the calculated
distances to form a hierarchical tree or dendrogram.

Parameters are like number of clusters = 14, Metric = Euclidean, Linkage = Ward.
Hierarchical clustering builds a tree-like hierarchy of clusters by recursively merging or

splitting clusters based on similarity measures.

13



HDBSCAN identifies clusters based on the density of data points in the feature space.
It groups together closely packed points as clusters and identifies points that are
isolated as noise.

Parameters are applied in this are minimum cluster size = 150, Metric = Jackknife,
Method = Eom. HDBSCAN clusters data points based on density, identifying regions
of high density as clusters while labeling outliers as noise. It automatically determines

the number of clusters and is robust to varying densities and shapes of clusters.

CLICOM

CLICOM (Cliques for combining multiple clusterings) is an ensemble-based clustering
algorithm that combines multiple clusterings to obtain a final clustering with better
quality. It scales efficiently and produces output quickly (Teichman G. et al., 2023).

Parameters are applied in Clicom are evidence threshold = 05, min_cluster_size = 75.

4.7 DIFFERENTIAL GENE EXPRESSION ANALYSIS

Differential gene expression (DGE) analysis is a computational technique employed in
bioinformatics, especially in RNA-Seq data analysis, to pinpoint genes that exhibit
significant expression differences across distinct experimental conditions or biological
states. Following preprocessing, the gene identifiers in the GBM cancer dataset are
subjected to DGE analysis using the DESeq2 function within the RNAIlysis software.
This method enables the identification of genes that play crucial roles in distinguishing
between different experimental conditions or biological states, providing insights into
the underlying molecular mechanisms of the studied phenomenon (Teichman G. et al.,
2023).

The DESeq2 function offers insights into up regulated and down regulated genes, a
fundamental aspect in comprehending gene regulation and its implications in various
biological processes, including development and disease. The output of differential
gene expression analysis usually includes a list of DEGs ranked by their level of

significance, along with statistical measures such as fold change, p-values, and

14



adjusted p-values (to account for multiple testing). These DEGs provide valuable
insights into the molecular mechanisms underlying the studied biological phenomena
and serve as candidates for further functional validation and exploration (A. Siavoshi
et al.,, 2022).

4.8 DATA FILTERING AND VISUALIZATION WITH CUSTOMIZED PIPELINES

The customized pipeline was developed within the RNALYysis software to facilitate data
filtering and visualization of differential expression analysis results. The pipeline
included a series of functions, with a focus on visualizing results using volcano plots.
Volcano plots are scatter plots serve as a comprehensive visualization tool, depicting

significance versus fold-change on the y and x axes, respectively.

The Volcano plot displays each gene as a dot, with significantly up regulated genes
(log2 fold change = 1) colored in red, and significantly down regulated genes (log2 fold
change < -1) colored in blue. The x-axis represents log2 (Fold Change), while the y-

axis represents the p-value.

Within the RNALysis software, the pipeline was configured to filter genes by statistical
significance and split them by log2 fold-change direction using predefined parameters.
This enabled the identification of significantly up- and down-regulated genes in the

differential expression tables.

Upon applying the pipeline to the differential expression tables, the output consisted of
two sets of volcano plots (positive and negative), along with new tables containing the
significantly up- and down-regulated genes. These outputs provided valuable insights
into gene expression changes associated with the studied conditions or biological
states (Teichman G. et al., 2023).
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4.9 VISUALIZING GENE SET INTERACTIONS

Venn diagrams serve as powerful tools for visualizing the intersections between
different sets of genes, particularly in the context of differential gene expression
analysis. Each circle in the diagram represents a gene set, while the overlapping
regions depict genes shared between the sets. In this gene sets represents DGE
analysis between healthy tissues versus brain cancer and up and down regulated

genes.

Analyzing the Venn diagram allows for the identification of genes common to multiple
gene sets (intersection) and those unique to specific sets (non-intersection). This
analysis offers valuable insights into the relationships between different biological
processes, pathways, or experimental conditions represented by the gene sets. By
examining the overlapping regions of the Venn diagram, we can identify genes shared
between two or more conditions, indicating potential common regulatory mechanisms

or biological pathways (Teichman G. et al., 2023).

4.10 ENRICHMENT ANALYSIS

Enrichment analysis is a computational method used to identify biological pathways,
molecular functions, or cellular components that are significantly overrepresented
within a set of genes of interest. This analysis helps researchers gain insights into the
underlying biological processes associated with their experimental data.

The process typically involves comparing the input gene list with a Gene Ontology (GO)
terms or pathway databases. Statistical methods, such as the hypergeometric test or
Fisher's exact test, are then applied to determine if certain categories are

overrepresented in the input list compared to what would be expected by chance.

Enrichment analysis results in a list of enriched terms ranked by their statistical

significance, often accompanied by additional metrics like p-values and adjusted p-
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values. Enriched terms with low p-values are deemed statistically significant and
biologically relevant. The top enriched terms offer valuable insights into the biological
processes, functions, or pathways associated with the input gene list (Maxim V et al.,
2016).

4.10.1 ENRICHR PACKAGE FOR ENRICHMENT ANALYSIS

The Enrichr package serves as a valuable tool for conducting enrichment analysis
directly within the R environment. Through interaction with the Enrichr web service or
by accessing data from Bioconductor packages, we can leverage Enrichr for Gene
Ontology (GO) enrichment analysis and functional annotation of genes. Enrichr allows
users to input gene lists like DEGs and conduct enrichment analysis, revealing crucial
biological insights about the genes and identifies overrepresented terms within the input
gene list, understanding the functional significance of their gene sets.

Enrichr provides interactive visualizations like bar charts and heatmaps, facilitating the
interpretation of enrichment results and enhancing the understanding of underlying

biological mechanisms (Maxim V et al., 2016).

e Enrichr: This function allows users to input gene lists and perform enrichment
analysis. Users can specify the gene list, organism, and library to be used for

enrichment analysis.

e Enrich: This function performs enrichment analysis using Enrichr and returns the
enrichment results as a data frame. Users can specify parameters such as the

gene list, library, and significance threshold.

e Enrichr_barplot: This function generates a bar plot to visualize the top enriched

terms or pathways identified in the enrichment analysis.
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4.11 WORK FLOW OF RNALYSIS PIPELINE

WORK FLOW:
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Figure 4.1: work flow of the RNALysis
Figure 4.1: The workflow of the RNAlysis platform encompasses three main sections.
In the top section, the analysis can commence at various stages, ranging from raw files
to more processed data tables such as count matrices or differential expression tables.

Users have the flexibility to input their data at any point in the analysis pipeline.

In the middle section, the data tables undergo a series of transformations, including
filtering, normalization, and other customizable functions. These processes enable

users to clean and refine their data, tailor their analysis to specific biological questions,
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and prepare the data for downstream analysis. RNAlysis also provides users with a
broad assortment of customizable clustering methods to help recognize genes with

similar expression patterns, and visualization methods to aid in data exploration.

In the bottom section, users can focus on gene sets of interest by visualizing
intersections between different gene sets, extracting gene lists resulting from set
operations applied to their gene sets and data tables, and performing enrichment

analysis (Teichman G. et al., 2023).
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CHAPTER 5
RESULTS AND DISCUSSION

5.1 SOURCE CODE FOR DATA RETRIEVAL FROM TCGA

1

2 H9f ('require("BiocManager", gquietly = TRUE))

3 install.packages("BiocManager")

4 pBiocManager::install{version = "3.18")

5

& PBiocManager::install{"TCGAabioTlinks™)

7 Tibrary(Tccabiolinks)

B

9 Tistsamples =- cf
10 "TCGA-19-0957-10B-01D-2366-09" ,"TCGA-14-1034-01A-01D-0518-04",
11 "TCGA-06-0152-024A-01R-2005-01", "TCGA-06-0125-01A-01T-0213-07",
12 "TCGA-14-0736-02A-01D-2280-08" ,"TCGA-06-0211-01A-01D-0242-05",
13 "TCGA-06-0210-01A-01R-0233-01","TCGA-06-0190-01A-01D-0234-02",
14 "TCGA-19-4065-02A-11R-2005-01","TCGA-06-0171-02A-11D-2366-09",
15 "TCGA-06-0221-02A-11R-2005-01","TCGA-19-1389-10C-01D-0591-01",
16 "TCGa-14-1402-01A-01D-0521-05"

7 )
18 query <- GDCquery(
19 project = "TCGA-GBM”,
20 data.category = "Transcriptome Profiling”,
21 data.type = "Gene Expression guantification”,
22 experimental.strategy = "RMA-Seq”,
23 barcode = Tistsamples
24 )
25 Gbcdownload(query)|
26

The provided code written in R for downloading RNA-Seq data related to glioblastoma
multiforme (GBM) from The Cancer Genome Atlas (TCGA) using the TCGADbiolinks
package. The script loads the TCGAbiolinks libraries into the R environment using the
library function. The listSamples vector contains a list of TCGA sample identifiers
(barcode) for GBM samples. These identifiers uniquely identify each sample in the
TCGA dataset.
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5.1.1 MERGE THE TCGA DATA

# merge the files into one tsv file
install.packagesi(c("readr”, "dplyr"))
Tibrary(readr)

Tibrary(dplyr)

=l ghown B

(=]

filel <- read_tsv("file.path/cDCdata/TCGA-GBM/Transcriptome_profiling/
Gene_Expression_quantification/89dadéla-6e26-4fd2-b277-1e438092af 86/
664dcl2a-5d76-4efb-bb33-T0F58c937062. rna_seq. augmented_star_gene_counts.tsv")
file2 =- read_tsv("file.path/GDCdata/TCGA-GEM/Transcriptome_Profiling/

=
= oW

12 Gene_gxpression_Quantification/d8b840c7-e6cd-4cf9-824f-131Fb18bf3bd/

13 08dce278-baBd-4ba0-90a1-e408207d1740. rna_seq. augmented_star_gene_counts.tsv'")
14 file3 =«- read_tsv("filepath/cDCdata/TCGA-GEM/Transcriptome_Profiling/

15 Gene_Expression_Quantification/ef068398-be98-409e-86aa-927T83bc5441/

16 f5e230a7-b044-4190-8b61-36260d8cd54c. rna_seq. augmented_star_gene_counts.tsv'")
18 merged_data <- inner_join(filel, file2, by = "ID") %%

18 inner_join(file3, by = "ID")

20 merged_data <- bind_rows(filel, file2, file3)

21 write_tsv(merged_data, "merged_data.tsv")

22

23

El

R script merges three TSV files containing data of TCGA GBM into one combined TSV
file. The script installs and loads the required packages: readr for reading TSV files and
dplyr for data manipulation. The inner_join function from the dplyr package is used to
merge the data frames filel, file2, and file3 based on the common column "ID". The
merged_data data frame is written to a new TSV file named merged_data.tsv using the

write_tsv function from the readr package.

21



5.2 BRAIN CANCER DATA SET

gene_id gene_name |[unstran  [stranded [stranded_{tpm_unstr|fpkm_unstfpkm_uq
ded | first second |anded randed | unstran
ded
ENSG00000000003.15 [TSPAN6 7285 3558 3731 131 36 36
ENSG00000000005.6 TNMD 8 2 6 0 0 0
ENSG00000000419.13 DPM1 3422 1707 1716 232 64 63
ENSG00000000457.14  |SCYL3 1486 1179 1243 18
ENSG00000000460.17  |Clorfl12 1070 1050 1018 15 4 4
ENSG00000000938.13  |FGR 1791 899 897 43 12 11
ENSG00000000971.16 |CFH 7783 3887 3898 78 22 24
ENSG00000001036.14  |[FUCA2 6199 4547 4480 173 49 51
ENSG00000001084.13 |GCLC 4104 2463 2483 40 10 11
ENSG00000001167.14 INFYA 3674 2051 2127 81 21 21
ENSG00000001460.18 |STPG1 1139 636 666 11 3 3
ENSG00000001461.17  NIPAL3 8855 4573 4432 81 22 21
ENSG00000001497.18 |LAS1L 8224 4107 4148 55 15 15
ENSG00000001561.7 ENPP4 2740 1364 1377 50 14 13
ENSG00000001617.12 |[SEMA3F 2564 1301 1278 42 12 11
ENSG00000001626.16 |CFTR 271 143 142 2 0 (0]
ENSG00000001629.10  |ANKIB1 16198 8319 7988 185 49 46
ENSG00000001630.17 [CYP51A1 596 308 300 14 3
ENSG00000001631.16 [KRIT1 1010 536 573 13 3
ENSG00000002016.18 |RADS52 2005 1018 990 36 10 9
ENSG00000288675.1 AP0066216 (194 188 7 2 2 0

Table 5.1: Data set of GBM contains 60660 genes
Table 5.1: The Glioblastoma Multiforme dataset, comprising 13 cases retrieved from
The Cancer Genome Atlas (TCGA) database through the R package called
TCGADbiolinks and applied parameters such as experimental strategy (RNA-Seq), data
type (Gene expression Quantification), and data category (transcriptome profiling). The

samples were specifically selected based on sample type (recurrent tumor), primary
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site (brain), and project (TCGA-GBM). Upon retrieval, three open files were acquired

from the 13 cases of both male and female, which were subsequently merged using

the R package like readr, dplyr. The resulting dataset encompasses 60,660 gene ids

facilitating comprehensive analysis of gene expression patterns within the context of

Glioblastoma Multiforme.

5.3 FILTERED OUT LOW EXPRESSED GENES

gene_id gene_name [Unstran  stranded |[stranded {tpm_un [fpkm_un fpkm_uq
ded | first | second |stranded |stranded | unstran
ded
ENSGO00000000003.15 [TSPANG 7285 3558 3731 131 36 36
ENSG00000000419.13 DPM1 3422 1707 1716 232 64 63
ENSG00000000457.14  |SCYL3 1486 1179 1243 18
ENSG00000000460.17 [Clorfl12 1070 1050 1018 15 4 4
ENSG00000000938.13 |FGR 1791 899 897 43 12 11
ENSG00000000971.16 |CFH 7783 3887 3898 78 22 24
ENSG00000001036.14 |FUCA2 6199 4547 4480 173 49 51
ENSG00000001084.13 |GCLC 4104 2463 2483 40 10 11
ENSG00000001167.14  INFYA 3674 2051 2127 81 21 21
ENSG00000001460.18 |STPG1 1139 636 666 11 3 3
ENSG00000001461.17  [NIPAL3 8855 4573 4432 81 22 21
ENSG00000001497.18 |LASIL 8224 4107 4148 55 15 15
ENSG00000001561.7 ENPP4 2740 1364 1377 50 14 13
ENSG00000001617.12 |SEMA3F 2564 1301 1278 42 12 11
ENSG00000001626.16 |CFTR 271 143 142 2 0 0
ENSG00000001629.10  |ANKIB1 16198 8319 7988 185 49 46
ENSG00000001630.17 |CYP51A1 [596 308 300 14 3
ENSG00000001631.16  |KRIT1 1010 536 573 13 3
ENSG00000002016.18 |RAD52 2005 1018 990 36 10 0
ENSG00000002330.14 |BAD 1524 3035 3127 74 20 20
ENSG00000288675.1 IAP006621.6 (150 194 188 7 2 2

Table 5.2: Filtered table contains 22290 genes
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Table 5.2: RNAlysis facilitates this preprocessing by offering various normalization
methods and the option to eliminate rows with missing data or reduce noise in the
dataset. For this analysis, the "Filter genes with low expression in all columns"
parameter was selected to effectively remove genes with low expression levels across
all samples. The parameter threshold was set to 50 FPKM (fragments per kilo base of
transcript per million mapped reads). Consequently, genes with expression levels

below this threshold in all columns of the dataset were filtered out.

Initially, the dataset contained 60,660 genes. However, after applying the filtering
process, the dataset was refined to include 22,290 genes. This filtering step ensures
that only genes with sufficiently high expression levels across all samples are retained,

thereby improving the quality of the dataset for downstream analyses.
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5.4 PRINCIPAL COMPONENT ANALYSIS

Principal Component Analysis - Variance Explained

100.0%

80.0% |

60.0% -

% Variance explained

20.0% -

T T T T
pC2 PC3 PCa PCS =3
Principal Components

Figure 5.1: PCA Plot of GBM
Figure 5.1: In the GBM dataset, comprising 22,290 genes after applying a filtering
function, a power transform is applied to the data before standardization and PCA. This
preprocessing step helps mitigate undesirable characteristics of count data, such as
mean-variance dependence and extreme values. During PCA, the first principal
component (PC1) shows maximum variance i.e. 99% in the data and explains the most
variation in the dataset, followed by subsequent components in decreasing order of

variance.
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Figure 5.1.1: Variance in PCA plot
Figure 5.1.1: In the PCA analysis, the first two principal components account for over
99% of the data's variance, indicating a strong representation of the dataset's variability
within these components. Notably, the first principal component segregates the
samples based on their expression levels of "fpkm_unstranded" and
"fpkm_uq_unstranded" on one end, while positioning "unstranded" on the opposite end,

with "stranded_first" and "stranded_second" falling below.

On the other hand, the second principal component positions the samples featuring
"fpkm_unstranded" and "fpkm_uqg_unstranded" toward the center of the graph. This
configuration offers valuable insights into the diverse expression patterns evident
among the samples, thereby enabling enhanced interpretation of the dataset.
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5.5 PAIR PLOT

Pairplot (logarithmic scale)
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Figure 5.2: Pair plot
Figure 5.2: Pair plots provide a visual representation of the pairwise relationships
between samples in our dataset, accompanied by histograms depicting gene
expression values within each sample. Within the scatter plots, each dot represents the

log of normalized expression for a single gene.

As a data visualization method in exploratory data analysis, pair plots offer valuable
insights into patterns and correlations between gene expression levels across samples.
After preprocessing, dataset comprising 22,290 gene IDs from the GBM cancer
dataset, pair plots serve as a comprehensive tool for visualizing the gene expression
landscape, aiding in the identification of potential associations and patterns within the

data.
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5.6 BOX PLOT

Box plot

0.8
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Figure 5.3: Box plot
Figure 5.3: The box plot visually illustrates the distribution of log10 normalized reads
+ 1 scores along the y-axis and sample names along the x-axis within the cancer
dataset, which encompasses 22,290 gene IDs. Serving as a data visualization tool in
exploratory data analysis, this plot offers insights into the variability and distribution of

gene expression levels across the dataset.

The central box of the plot represents the middle 50% of the data, with a horizontal line
indicating the median. Whisker lines extend from the box to the highest and lowest data
points. Any data points lying beyond the whiskers are identified as outliers and are
depicted as rhombic points, providing visibility into potential anomalies in gene

expression levels.
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5.7 CLUSTERING ANALYSIS

Results of Emsemble Clustering for 5 clustering solutions,
evidence_threshold=0.5, and min_cluster_size=75
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Figure 5.4: CLICOM clustering analysis
Figure 5.4: In RNA sequencing clustering analysis, various algorithms are employed
to group genes based on their expression patterns. These include distance-based (K-
Medoids), density-based (HDBSCAN), hierarchical (Hierarchical), and ensemble-
based (CLICOM) algorithms, which combines five multiple clustering setups with an

evidence threshold of 0.50 and a minimal cluster size of 75.

The input dataset for the clustering analysis consists of 22,290 genes after applying a
filtering function. Using RNALysis and selecting the CLICOM tool, the analysis
generates gene clusters. Each cluster's expression profile is visually depicted, with
center lines representing the cluster means and standard deviations across samples.
This comprehensive clustering approach enables the exploration of gene expression
patterns and facilitates the identification of functionally related gene groups within the

dataset.
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Results of Emsemble Clustering for 5 clustering solutions,
evidence_threshold=0.5, and min_cluster_size=75
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Figure 5.4.1: PCA observed in clustering analysis
Figure 5.4.1: The Principal Component Analysis (PCA) projection visualizes the power-
transformed and standardized gene expression data, with each dot representing an
individual gene. To enhance interpretability, the points are color-coded based on the
cluster to which they belong, as determined by the CLICOM clustering algorithm. This
visualization enables the examination of gene expression patterns and their grouping

into distinct clusters.

The PCA projection captures 98% of the variance, as depicted in Figure 5.4.1 of the
CLICOM clustering projection. This visualization offers valuable insights into the
relationships between genes and their clustering behavior, facilitating the interpretation
of gene expression data and the identification of biologically relevant gene groups.
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5.8 DIFFERENTIAL GENE EXPRESSION ANALYSIS

Samples Condition Batch
unstranded Healthy Tissue |A
stranded_first Healthy Tissue B
stranded_second Healthy Tissue |C
tpm_unstranded Brain Cancer A
fpkm_unstranded Brain Cancer B
fpkm_uq_unstranded |Brain Cancer C

Table 5.3: Design Matrix for dge analysis between healthy tissue vs.
brain cancer
Table 5.3: The design matrix serves as a crucial component in differential gene
expression analysis, delineating the various sample conditions and experimental
factors under investigation. The matrix distinguishes between different sample types
within each condition for Cancer such as "Healthy Tissue" and "Brain Cancer" are

defined, highlighting the distinct experimental groups being compared.

Additionally, batch information is integrated into the design matrix through labels such
as "A," "B," and "C." These labels signify different experimental batches or sequencing
runs, and accounting for batch effects is imperative in downstream analysis to ensure

the robustness and reliability of the results.

For conducting differential gene expression analysis, it's essential to load the design
matrix and specify the R installation path within the DESeq tool in the RNALysis
software. Loading the design matrix allows for the incorporation of experimental design
factors into the analysis, enabling the comparison of gene expression levels between

different conditions or groups.
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gene_id gene_name [Base log2Fold [fcSE stat pvalue padj
Mean Change

ENSG00000269968.1 |AC006064.4 [5359.73 [11.0929 (3.9067 [2.839 0.0045 0.010639
ENSG00000258017.2 |AC011603.2 4278.17 [10.630 [2.8953 [3.6717 |0.00024 [0.0007
ENSG00000234961.1 |AL133415.1 [3850.11 [10.616 3.9067 [2.7175 |0.00657 |0.015005
ENSG00000273149.1 |AL138963.3 |1821.79 [9.5369 [3.9067 [2.441 0.01464 (0.030781
ENSG00000265401.1 |AC093484.3 [1703.55 [9.4405 [3.9067 [2.416 0.01567 |0.032653
ENSG00000266844.1 |AC093330.1 [1232.31 8.9802 3.8765 [2.3165 [0.02052 |0.041478
ENSG00000203865.11 |ATP1A1-AS1 [1333.99 8.9076 [2.653 3.3573  [0.00078 |0.002127
ENSG00000210151.2 MT-TS1 911522 [8.537 3.9067 [2.1852 |0.02887 |0.056097
ENSG00000227766.1 |AL671277.1 [822.911 [8.3904 [3.9067 [2.1476 |0.03174 (0.06088
ENSG00000262831.1 |AC145207.3 [761.005 §8.2780 [3.9067 [2.1188 [0.03409 |0.06487
ENSG00000225339.4 |AL354740.1 [706.692 [8.2055 [2.9075 [2.8221 [0.00477 [0.011174
ENSGO00000176868.2 |AL358781.1 [700.529 8.1586 [3.9067 [2.0883 [0.03676 [0.069327
ENSG00000288597.1 |AC234782.2 [780.604 8.0625 [2.3887 [3.3751 |0.00073 |0.002002
ENSG00000279569.1 |AC020763.4 [718.282 8.0360 [2.7641 [2.9072 |0.00364 |0.008749
ENSG00000271581.1 |AL671883.2 [706.118 8.0219 [2.8540 [2.8106 [0.00494 |0.01154
ENSG00000238045.9 |AC009133.1 |659.924 [7.9012 [2.7078 [2.9178 [0.00352 |0.00849
ENSG00000262413.1 |AC145207.2 |573.124 [7.8685 [3.9068 [2.0140 |0.04400 [0.081047
ENSG00000267469.1 |AC005944.1 [553.350 [7.8179 3.9068 [2.0011 |0.04538 [0.083173
ENSG00000272325.2 |NUDT3 620.671 [7.7746 [2.5466 [3.0529 |0.00226 [0.005652
ENSG00000269292.1 |AC093503.1 }485.982 [7.6310 [3.9068 [1.9532 [0.05079 |0.09173
ENSG00000112096.19 [SOD2 6128.17 [2.0008 [0.0776 [25.753 [2.98E-146 [3.77E-144

Table 5.4: Differential gene expression analysis

Table 5.4: The dataset, consisting of 22,290 gene IDs, undergoes differential gene

expression analysis using the RNAIlysis software. The software offers default tools for

analysis, including the "Run DESeq?2 differential expression” function.

To perform the analysis, follow these steps: Select the "Run DESeq2 differential

expression" function. Provide the design matrix containing sample conditions (e.g.,

healthy tissue vs. brain cancer). Specify the R installation folder for proper execution.

Initiate DESeg2 to commence the analysis.
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DESeqg2 will identify differentially expressed genes, including both up and down
regulated genes, accompanied by p-values and log2FoldChange values. These results
provide insights into gene expression alterations associated with the transition from

healthy tissue to brain cancer.

5.9 VOLCANO PLOT

Volcano plot of DESeq2_Condition_Healthy Tissue_vs_Brain Cancer
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Figure 5.5: Volcano plot of GBM
Figure 5.5: The differential expression analysis comparing healthy tissue versus brain
cancer was visualized using Volcano plots, which were generated and extracted from
each respective differential expression table. This process was automated through the
creation and application of a Pipeline within RNALysis. The Pipeline included filtering
parameters such as "Filter by statistical significance" and "Split by log2 fold-change

direction"”, which were saved and applied for subsequent analysis.

Upon analysis, it was found that out of the 22,290 genes examined, 6,202 genes were
up regulated, while 16,088 genes were down regulated. Notably, the maximum log2
fold change observed for differentially expressed genes was 11.09, associated with the
gene ID ENSG00000269968.1 and gene name AC006064.4, while the minimum log2

33



fold change was -6.30, linked to the gene ID ENSG00000265917.1 and gene name
MIR3685. These findings provide insights into the differential expression patterns

between healthy tissue and brain cancer samples.

5.10 VENN DIAGRAM

Venn diagram of Health tissue vs Cancer

/' Condition_Healthy Tissue_vs_Cancer_sig0.1_PositiveLog2FC.c

DESeq2_Condition_Healthy Tissue_vs_Cancer.csv

Figure 5.6: Venn diagram shows intersections between gene sets
Figure 5.6: A Venn diagram was generated to visually represent the intersections
between the gene sets derived from the original dataset, the significantly up regulated
genes, and the significantly down regulated genes. It illustrates the overlap between
these gene sets, providing insights into the shared and unique genes among them.
Each circle in the diagram represents a gene set, and the overlapping regions indicate

genes that are shared between the sets.
Analyzed 22,290 gene ids in differential gene expression analysis between the

conditions and interpreted 16,088 genes as down regulated. 6,202 genes were

identified as up regulated.
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5.11 ENRICHMENT ANALYSIS

5.11.1 GENE LIST FOR ENRICHMENT ANALYSIS

AC006064.4 STX18-AS1 AC008771.1 RUSC1-AS1 AC010320.2 PAX6
AC011603.2 DARS-AS1 AC023509.2 COG8 AC005726.2 CIITA
AL133415.1 DNAH10 LAMTOR5-AS1 ELP1 CAPN12 MIR100HG
AL138963.3 KCNMA1 KDM4A-AS1 USP34 MIF-AS1 SCFD1
AC093484.3 ACSM3 AC084125.2 ATM SLC12A5-AS1 ELF3-AS1
AC093330.1 TTTY14 USP50 NDUFB9 AC006064.2 AL157392.3
ATP1A1-AS1 AC023355.1 AL356804.1 AC010642.2 SRI-AS1 PCBP1
MT-TS1 AGAP2-AS1 GSN-AS1 HNRNPU AL354813.1 CIT
AL671277.1 B3GNT4 NAPA-AS1 H1-10-AS1 NDUFB2-AS1 FAM27C
AC145207.3 GRM4 AC109587.1 PCLO AC044849.1 TCF4
AL354740.1 MMADHC-DT GAS6-AS1 KALRN AC011511.5 CCDC171
AL358781.1 BHLHE40-AS1 | AL450998.2 CFLAR AC083798.2 GPSM2
AC234782.2 DYNC1H1 AL162258.2 COL19A1 AC012459.1 AC025165.1
AC020763.4 EIF3E EAF1-AS1 KATGA PCBP1-AS1 AFAP1
AL671883.2 ELP4 CARS1-AS1 KLF8 PRAL MMACHC
AC009133.1 ADPGK-AS1 AC135050.1 MBP AC093849.4 LRRC75A
AC145207.2 LDLRAD4 AL161668.3 BMP2K AL356481.3 TUBGCP4
AC005944.1 NRG1 HELLPAR ST3GAL3 DLGAP4-AS1 TPTEP1
NUDT3 LACTB2-AS1 AC025164.1 EHMT1 H2AZ1-DT SCNO9A
AC093503.1 SPEF2 RCCD1-AS1 KLC1 CD44-AS1 CCNK
THY1-AS1 PRKG1 AL121581.3 ARIH1 MGAT2 PLCG1-AS1
MIR1282 MEGS8 IFNAR2 NEAT1 Cé6orf201 B3GALTS
AL137857.1 ALO22311.1 CCDC152 PPP3CB-AS1 AC125494.1 EPB41L4A
AC092069.1 HYPK AC008676.3 KANSL1 AC211433.1 NKAIN3
AC131944.1 MTMR3 DPP9-AS1 SLC25A26 AC005329.1 GIT2

ZACN SMAD2 MORC2-AS1 AC006504.5 ZNRD1ASP STXBP5-AS1
AC003681.1 AP4B1-AS1 AL031846.2 PCNX4 AC005306.1 CNNM2

ILK AC010198.2 PDXP-DT RBMS3 DNAH11 LCOR
AC015909.1 LRRC7 PITRM1-AS1 MYLK MIF AC087289.5
JSRP1 LINC00299 LINC01572 GDAP1 CXCR5 MYO15A
ATP6V1C2 MIR29B2CHG | SNRK-AS1 C2o0rf16 KCNQ10T1 NF1
CADMS3-AS1 MYTI1L AC074212.1 PTCD1 AP003068.1 STK24
GPS2 LAMA1 CLN5 BCL11A AC015971.1 CSPP1
AP002490.1 SLC19A1 CFAP73 NAV1 TMEM51-AS1 PCSK6
AC097382.2 SPG7 CACTIN-AS1 SLC8A1 AC107081.1 CDH23
AFAP1-AS1 TMEM161B- ARHGEF38 PLEKHA1 SLC31A2 INTS6
PPT2-EGFL8 25&35530.2 AL669831.3 TANC2 AC004882.3 PAX8-AS1
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CLMAT3 RNF157-AS1 TLDC2 C120rf60 HCG25 DPP4
LDLRAD2 NRDE2 AC004893.2 SCN2A AL589935.1 PDEA4DIP
AC022400.7 AC004877.1 AC011484.1 HIC1 CCDC73 DEXI
PCOLCE-AS1 | ATG9B AC007750.1 GABRG2 AC018362.1 ANKRD34C-AS1
AP001267.1 AL033523.1 AC114271.1 CFAP46 LINC01504 AL589740.1
AL662797.1 GARS1-DT AC244517.5 CD302 SNHG14 ZFHX3
AC010883.3 SLC46A1 SEPTIN4-AS1 WDFY2 AC025043.1 LPP
AC018761.2 CASC2 AC024909.1 CACNA1D AL158151.1 NTRK3
AP003352.1 NBEAL1 ATG10 USP8 TOP3B LINC00511
AL020996.1 CCDCS88A AL133227.1 IGF2R ACTA2-AS1 ANK3
VASH1-AS1 CASC15 ELOA-AS1 GNAIl1 AC025682.1 BASP1-AS1
VIM-AS1 ZBTB20 TTN-AS1 KCNC4 AL109628.2 ABCB9
AC006115.2 CCDC85C AC019257.9 AC107959.1 AP000781.1 TRABD2A
AC009630.1 CSMD3 GRM3-AS1 ARHGEF28 TMEM262 AC012063.1
AC067930.5 SHPRH DNAJC9-AS1 HDACS8 EML5 REL
COX20 NEDDA4L AC020913.2 MSI2 AC009119.1 BOD1
AL354733.3 CACNB4 FLJ40194 HSPG2 AC134772.1 ALG11
AC120057.3 S100A1 VIL1 ATRX AC002401.1 PCDHA10
SRRM5 OPRL1 AC063952.1 HECW?2 AC090197.1 PEAK1
CFAP92 CHD8 ENTPD1-AS1 MED13L XIST MCF2L
HOXA-AS3 VPS53 PXN-AS1 FILIP1 AC019197.1 C2lorf62-AS1
AC087164.1 NUTM2A-AS1 | SLC5A2 MAGI2 AC007342.6 FAN1
AC010761.1 MMS22L AC009690.2 MCF2L2 AC087276.2 MICALS
MFF-DT NFASC AC245884.1 P2RX5- AC005606.2 GBF1
TAX1BP3
MFF-DT TSC2 AC068580.3 ZBED3-AS1 MEIOC SPTB
MGAT4C PHF3 JPX NBPF20 AP000757.1 NCKAP1
ANGPTL6 PPP1R12B AL031714.1 SZT2 A2M-AS1 BRWD1
RDM1P5 CSMD1 PRMT5-AS1 ADGRV1 SPDYE3 RYR3
AC010226.1 VPS13D BEST1 AC027290.2 TMEM184A IRF1-AS1
FLNB-AS1 CD226 AC106886.4 FLRT2 CPB2-AS1 DNAJC10
RAPH1 SLC7A6 AC008522.1 ZC2HC1C EIF1B-AS1 LINC00847
AC123768.4 AC005670.3 SLC3A1 HMCN2 AC138028.4 TTC7B
NUTM2B-AS1 | ATP7B AC002116.2 SYNE2 AL358334.4 SSPOP
RNF217-AS1 MAPT-AS1 CCDC144NL- FEM1A AC011405.1 AKAP13
AC107027.1 PBX1 ﬁfi-38689.2 LINC00662 PTRH1 XKR4
ITGA9-AS1 ACSS3 AC008894.2 TRIM59 DAAM2-AS1 KCNH1
GPR39 CNKSR3 TREH ITPR1 TCTE1 SLC1A2
KCNMB3 CYTOR AC012640.4 FOXP1 AL035106.1 MARK3
SLC18A2 CARMN AC073896.2 KIF5C AC073254.1 SH3D19
NEB CASK AC007938.2 TAF10 LINC00334 NCAPD3
AC023024.1 PAQR3 C50rf66 TMEM30A-DT | EPHAlL MYH11
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AL139353.2 MACROH2A1 SPATA21 AC020916.1 AL606760.2 CLK3
PCSK7 BAZ2B AMN INTS6-AS1 UXT-AS1 AGO3
AC008840.1 G3BP1 AC008264.2 KAT6B AP001610.2 LRRC8C-DT
CBR3-AS1 ATG7 AC024560.5 PCDH9 SERHL FRAS1
C10o0rf55 ZNF26 SPSB3 KMT2A SH3TC2 GVQW3
HULC ANK2 AC015802.6 IQCK RHOF LCORL
NDP-AS1 SLITRKS PRC1-AS1 C1RL-AS1 HSD17B1 PHF20L1
MCM3AP-AS1 | SELENOP PPM1F-AS1 RPS6KA5 AC079601.1 SILC1
ADD3-AS1 CMC1 AP005329.1 SPATAGL AL355388.2 SGCE
SPAG17 SLC7A60S AL592166.1 SOX2-0OT KMO CPLANE1
AC024588.1 PIGT NUCB1-AS1 CCNI2 AL512770.1 RAB11FIP1
AP001972.3 PIGN COL4A2-AS1 LINCO01748 AC091045.1 LUCAT1
TBCE RTTN AP001107.1 LINC00632 PTPRG-AS1 LRP8
BX322234.1 VPS13C AL159978.1 FIG4 SLC5A10 HSPA12A
PVT1 SH3BP5-AS1 AC010973.2 ATR MCMDC2 ITSN1
AC005520.5 TMED3 AL450306.1 MIPOL1 AP001001.1 TRRAP
AL080317.2 SBF2 ABALON DNASE1 HYDIN AL161772.1
MYLK-AS1 TNRC6B CERS6-AS1 AC092279.1 AC079921.1 MICAL2
IGF1 PSMG4 SPAG5-AS1 RNF213 PKP4-AS1 MYO9A
AP002748.6 LIMD1 AC139530.1 GRIN2B CTC-338M12.4 ASPH
FARP1 PRPF40B AP000866.5 MBNL1-AS1 PCA3 CACNALC
CCDC39 PTPRO AC023593.1 CSNK2A1 HDHD2 FTO

RGL4 POLR3H TTN SNX22 AC068733.3 LRP1
IGSF10 UBE3A AC009060.1 CNKSR2 SLC26A10 LARS1
JAKMIP2-AS1 | USP15 SCAND2P PSMA2 AC110611.1 NUMA1
AC020931.1 PIK3CA U47924.2 XPC-AS1 MUC12 COL4A2
SLC8A1-AS1 BACE1-AS FAM166A AC129492.6 292544.1 AP001062.1
ADO000864.1 FKTN EHMT2-AS1 C12o0rf73 AF131216.1 HECTD4
NREP KCNJ6 AC036108.2 ALGI1L9P PKD2L2 GPATCH2L
ABCC11 OBI1-AS1 AC080038.3 SRGAP1 WDR38 N4BP2L2
STARDA4-AS1 KIAA1109 AC245052.4 CFAP251 AC027601.1 NCAM1-AS1
FAM198B-AS1 | PEX26 AP001029.2 WDR73 AP003108.2 KMT2D
KCP SNED1 AC009107.2 OPRM1 AL356124.1 PKD1
ZNF337-AS1 LINCO01184 CTBP1-AS AHNAK AL590627.1 TOR1AIP2
NSUN5P2 ABI2 NFIA ABRAXAS1 MACF1 HEXA
AL160270.1 SMG1 GEMIN7-AS1 NSD2 ARL2BP CPT2
LIX1L-AS1 LINCO01234 GMDS-DT FRMD4A AL117329.1 HMCN1
AC012358.2 NBPF10 AL133230.1 CENPP CCDC30 LRRK1
GTF2IRD1P1 PDE10A AL139423.1 MUC20-0OT1 AL137139.2 ADGRD1
EGFR-AS1 ENOSF1 PMFBP1 HEMK1 MIR99AHG ZNF891
TSPOAP1- CTSC PINK1-AS EML6 DCHS2 ADGRD1
AS1
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CEP164P1 AC046134.2 SAP30L-AS1 HERC2 AC021092.1
AL122035.2 LAMA3 MKNK1-AS1 WDR83 AC103740.1
AC110015.1 B3GAT2 SYCP3 NTRK2 AL135999.1
AC107081.3 CEP290 FTX HTT SLC24A5
AC073525.1 BRAF AL022322.2 SCN1A GRM5-AS1
AP000812.4 ZEB2 AL121987.2 ANKRD11 SOD2
AC020659.1 CR1 GLS2 SPECC1 KDM5B
MIR497HG FAT4 L3MBTL2-AS1 DLEU2 ZNF831
AL645768.1 MATR3 AC087521.2 NOTCH2 AUTS2
AC005329.3 DOCK7 SPATAl NALCN UBR4
AC135050.7 NR2F1-AS1 CLN3 SKP2 MBD5
AC008079.1 XPO1 DNAAF1 ITGAL NABP1
LINC00649 SPTBN5 DST EPB41 FAM153CP
CNTD1 DSE AC006460.1 VPS13A MIR4435-2HG
LHFPL5 SARM1 BSCL2 NPHP1 MED17
CATSPER2P1 | GDF9 AC131571.1 C12orf45 AC125611.4
FOXH1 TF ENO3 STARD9 AC068888.1
AP000688.1 ARHGEF12 SYNE1 NDUFA10 LINC00882
AC005703.5 SEMA3F-AS1 | STARDS TRPV6 CAPZB
AL161452.1 SYNC SNX32 FGF13 FAT3
IPO9-AS1 PHLDB1 CFLAR-AS1 ATP6VOA2 HMGA2
AC245140.2 RNASEH2B LINC00472 ARHGAP29 LINC00461
Z99774.1 KIF6 MRNIP COPB2 DNAH9
IGFBP7-AS1 CDK13 DNAH7 CAPN3 AC037459.2
AP006621.1 MEG3 CACNA1A LYST SLC35E3
PABPC4-AS1 | AC012443.2 IQCH-AS1 LAMB1 C4orf50
AP003465.1 NRXN1 ARID1B UNC80 KDMG6A
AC010285.3 ADGRL2 AC009950.1 SORL1 AAK1
CERKL EEF1D KYNU AHNAK?2 CLvS1
USP3-AS1 EFHC1 SLC4A5 RUBCN RUNDC3A-AS1
AL109811.1 DNAH17 SCN1A-AS1 SCARB2 NDUFS7
OBSCN ZC3H14 VAC14-AS1 ZNF827 GTF3C2-AS1
EMSLR TMED2-DT AC069209.2 AC093866.1 BTD
AC006059.5 AL355312.2 MAP3K15 DLEC1 ATXN1

Table 5.5: Gene list for enrichment analysis

Table 5.5: The gene list extracted from the differential gene expression analysis
comprises 893 genes, selected based on their p-values exceeding a threshold of 1.
These genes will be subjected to enrichment analysis to identify overrepresented

biological pathways, functions, or processes.
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5.11.2 SOURCE CODE FOR
PACKAGE:

ENRICHMENT

1. SOURCE CODE

setenrichrsite("enrichr") # Human

1 Tlibrary(enrichr)

2

3 websiteLive <- getoption("enrichr.live"
4~ if (websiteLive) {

5 listenrichrsites()

6 genes

8 if (websiteLive) dbs <- 1istenrichrbbs()
9 if (websiteLive) head(dbs)
10 dbs <-

12+ if (websiteLive) {

13 enriched <- enrichr(c("AC006064.4", "AC01160
14 "AC093484.3", "AC09333
154 )

16

17

18

3
0.

c("co_Molecular_Function_2015", "Go_Cellular_Component_2015"

ANALYSIS USING ENRICHR

, "Go_Biological_Process_2015")

2", "AL133415.1", "AL138963.3",
15 "ATPIAL-ASY", "MT=TS1".uonahmwaavovins ), dbs)

The provided R code utilizes the enrichR package to perform enrichment analysis on a

list of genes. First, it sets up the Enrichr website and retrieves available databases if

the website is live. Then, it specifies the databases to be used for enrichment analysis,

focusing on gene ontology (GO) terms related to molecular function, cellular

component, and biological process. This process evaluates whether these genes are

significantly associated with any GO terms from the selected databases

39



2. CODE FOR BIOLOGICAL PROCESS

19 #BIOLOGICAL PROCESS

20 if (websiteLive) enriched[["G0_Eiological_Process_2015"]]

21 Dpata <- enriched[["Go_Biological_Process_2015"]]

22+ if (websiteLive) {

23 ploteénrich(enriched[[3]], showTerms = 15, numChar = 80, y = "Count”, orderBy = "P.value")
244}

25 top_rows <- Data[16:30, ]

26+ if (websiteLive) {

27 plotenrich(top_rows, showTerms = 13, numChar = 100, y = "Count”, orderBy = "P.value")
8.1

29

30 |

The provided R code continues the enrichment analysis by focusing on the biological
process aspect of gene ontology (GO) terms. First, it extracts the results related to
biological processes from the enriched object and assigns it to the Data variable. Then,
it plots the top enriched biological process terms using the PlotEnrich function,

displaying the top 15 terms ordered by p-value.

Additionally, it selects a subset of the top enriched biological process terms (rows 16
to 30) from the Data object and assigns them to the top_rows variable. Finally, it plots
these selected terms using the plotEnrich function, again displaying the top 15 terms

ordered by p-value.
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3. CODE FOR CELLULAR COMPONENT

31 #CELLULAR COMPONENT

32 patal <- enriched[["Go_Cellular_Component_2015"]]

33+ if (websiteLive) {

34 ploteénrich(patal, showTerms = 15, numChar = 80, y = "Count”, orderBy = "P.value")
354 ]

36 top_rowsl <- Datal[16:30, ]

37+ if (websiteLive) {

38 plotenrich(top_rowsl, showTerms = 15, numChar = 80, y = "Count”, orderBy = "P.value")
394 )

40

a1 |

This section of the code focuses on the cellular component aspect of gene ontology
(GO) terms in the enrichment analysis. It first extracts cellular component results from
the enriched object and plots the top 15 enriched terms by p-value. Then, it selects a
subset of top terms (rows 16 to 30) and plots them similarly. These plots provide

insights into cellular component associations with the input genes.

4. CODE FOR MOLECULAR FUNCTION:

42 #MOLECULAR FUNCTION

43 Dpata2 <- enriched[["Go_Molecular_Function_2015"]]

44+ if (websiteLive) {

45  plotenrich(pata2, showTerms = 15, numChar = 80, y = "Count”, orderBy = "P.value")
464 }

47 top_rows2 <- Data2[16:30, ]

48+ if (websiteLive) {

49 plotenrich(top_rows2, showTerms = 15, numChar = 80, y = "Count”, orderBy = "P.value")
50+ 1]

51

This section of the code focuses on the molecular function aspect of gene ontology
(GO) terms in the enrichment analysis. It first extracts molecular function results and
plots the top 15 enriched terms by p-value. Then, it selects a subset of top terms (rows

16 to 30) and plots them similarly. These plots provide insights into molecular function

associations with the input genes. .
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Term Over P. Adjusted | Genes
lap value .p.value

Membrane depolarization | 9/38 3.40E-05 | 0.09984 | SCN9A;CACNA1A;CACNA1D;ANK2;CA

during action potential CNA1C;SCN2A;NALCN;SLCB8AL;SCN1A

(GO:0086010)

Post embryonic 12/84 3.37E-04 | 0.49560 SMAD2;SZT2;PLEKHAL;SCN9A; TBCE;l

development TPR1;SOD2;ATG7;SLC8A1;SLC18A2;G

(GO:0009791) ABRGZ2;IGF2R

Membrane depolarization | 13/106 | 8.70E-04 | 0.79360 NRXN1;CACNA1A;ANK2;CACNA1D;CA
CNAI1C;NALCN;GRIN2B;SLC8A1;CACN

(G0:0051899) B4;ATXN1;SCN9A;SCN2A;SCN1A

Positive regulation of 8/52 2.00E-03 | 0.79360 | ASPH;KMT2A;S100A1;CNKSR3;HTT;NE

transporter activity DD4L;ANK2;ANKS3

(GO:0032411)

Calcium ion import 6/32 2.59E-03 | 0.79360 CACNA1A;CASK;CACNA1D;CACNALC,;

(G0O:0070509) NALCN;SLC8A1

Regulation of transmembr | 26/327 | 3.29E-03 | 0.79360 AHNAK;NRXN1;KCNC4;NEDD4L;HTT;C

ane transport ACNA1A;CACNA1D;CACNA1C;NALCN;

(G0O:0034762) OAZ3;SCN9A;SCN1A;KCNH1;KCNJ6;SL
C31A2;S100A1;CASK;ANK2;ANK3;OPR
M1;CACNB4;JSRP1;ASPH;CNKSR3;KC
NMAZL;SCN2A

Positive regulation of ion t | 7/45 3.83E-03 | 0.79360 ASPH;S100A1;CNKSR3;HTT;NEDDA4L;A

ransmembrane NK2;ANK3

transporter activity

(GO:0032414)

Regulation of ion 25/314 | 3.83E-03 | 0.79360 AHNAK;NRXN1;KCNC4;NEDD4L;HTT;C

transmembrane transport ACNAI1A;CACNAI1D;CACNALC;NALCN;

(GO:0034765) SCN9A;SCN1A;KCNH1;KCNJ6;SLC31A
2:S100A1;CASK;ANK2;ANK3;0PRM1;C
ACNB4;JSRP1;ASPH;CNKSR3;KCNMA1
' SCN2A

Negative regulation 3/8 4.18E-03 | 0.79360 OPRM1;RYR3;SLC8Al

of cytosolic calcium

ion concentration

(G0O:0051481)
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Actin filament depolymeri | 3/8 4.18E-03 | 0.79360 | VIL1;MICAL3;MICAL2

zation

(GO:0030042)

Microtubule- 17/187 | 4.32E-03 | 0.79360 CCDC39;DYNC1H1;DNAH11;DNAH10;D

based movement NAH17;DST;DNAH7;DNAAF1;STARDSY,;

(G0:0007018) HTT;DNAH9;SPG7;KLC1;KIF6;CLN3;KIF
5C;HYDIN

Behavioral response 4/16 4.65E-03 | 0.79360 GIT2;SCN9A;CACNA1A;GRIN2B

to pain

(G0O:0048266)

Calcium ion transmembra | 13/128 | 4.73E-03 | 0.79360 ITPR1;CACNA1A;CACNAL1D;PKD2L2;CA

ne transport CNA1C;0OPRM1;NALCN;GRIN2B;PKD1,;

(G0O:0070588) RYR3;CACNB4;TRPV6;ASPH

Amino acid transport 13/128 | 4.73E-03 | 0.79360 NTRK2;SLC46A1;GLS2;SLC1A2,CACNA

(G0:0006865) 1A;SLC3AL1;HTT;CLN3;SLC25A26;SLC7
A6;CACNB4;CPT2;SLC19A1

Regulation of calcium ion | 7/48 5.11E-03 | 0.79360 JSRP1;CACNB4;AHNAK;ASPH;S100A1;

transmembrane transport HTT;ANK2

(G0:1903169)

Table 5.6: Biological process enriched terms

Table 5.6: Through GO enrichment analysis of 894 differentially expressed genes, it

was found that genes were mainly enriched in biological processes such as regulation

of ion transmembrane transport, calcium ion import, amino acid transport, actin filament

depolymerization and transmembrane transport.
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5.12 GO ENRICHMENY ANALYSIS OF BIOLOGICAL PROCESS

Enrichment analysis by Enrichr
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Figure 5.7: GO enriched terms in biological process pathway
Figure 5.7: The GO enrichment analysis of 894 differentially expressed genes in brain
cancer revealed a diverse landscape of biological processes, comprising a total of 2937
enriched terms. Among the top 15 enriched terms were crucial processes. This
comprehensive analysis underscores the intricate molecular mechanisms underlying
brain cancer pathogenesis, offering valuable insights into potential therapeutic targets

and diagnostic biomarkers for further investigation.

The GO term "membrane depolarization during action potential (GO:0086010)" was
enriched with genes such as SCN9A, CACNA1A, CACNA1D, ANK2, CACNALC,
SCN2A, NALCN, SLC8A1, and SCN1A. This enrichment suggests their involvement in
processes related to depolarization of the cell membrane during action potential
generation. Interestingly, a study by Ozkucur et al. (2015) demonstrated that

depolarization of the membrane potential in mature neurons led to significant changes
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in glia cell density and morphology. These findings are patrticularly relevant in the
context of postnatal brain development and neurological diseases, where alterations in
neuron-glia interactions are commonly observed, including in glioblastoma multiforme
(GBM).

The GO term "post-embryonic development (GO:0009791)" was enriched with genes
like SMAD2, SZT2, PLEKHA1l, SCN9A, TBCE, ITPR1, SOD2, ATG7, SLCB8A1,
SLC18A2, GABRG2, and IGF2R. Curry et al. (2021) implicated altered expression
profiles of growth factors and their receptors, including epidermal growth factor (EGF),
platelet-derived growth factor (PDGF), and vascular endothelial growth factor (VEGF),
in the development and progression of primary brain tumors. These factors play crucial
roles in post-embryonic development and are also implicated in the pathogenesis of
GBM.

The GO term "membrane depolarization (GO:0051899)" was enriched with genes like
NRXN1, CACNA1A, ANK2, CACNA1D, CACNALC, NALCN, GRIN2B, SLC8A1,
CACNB4, ATXN1, SCN9A, SCN2A, and SCN1A. This enrichment indicates their
involvement in regulating membrane depolarization processes, particularly in excitable
cells like neurons. Yang et al. (2013) highlighted the significance of voltage-gated ion
channels and transporters, such as sodium and potassium channels, in fine-tuning
action potential waveforms, which is crucial for normal neuronal function and may also

have implications in diseases like GBM.

The Gene Ontology (GO) term "Positive regulation of transporter activity
(GO:0032411)" revealed enrichment of genes such as ASPH, KMT2A, S100Al,
CNKSR3, HTT, NEDD4L, ANK2, and ANKS3. Notably, major neurological diseases,
including glioblastoma multiforme (GBM), are associated with structural and functional
changes in the blood-brain barrier (BBB). The impact of these neurodegenerative
diseases on transporter regulation, particularly the ATP-binding cassette (ABC)
transporter P-glycoprotein (P-gp), has been extensively characterized (Taggi, V. et al.,
2022).
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The GO term "Calcium ion import (GO:0070509)" showed enrichment of genes such as
CACNAL1A, CASK, CACNA1D, CACNALC, NALCN, and SLCB8AL. In addition to their
diverse roles in normal brain function, proteins involved in calcium transport are
implicated in various brain cancers, including GBM. These calcium-transporting
proteins play crucial roles in transmitting signals from the brain tumor microenvironment
to cancer cells, highlighting an area of research that necessitates further investigation
(Maklad A. et al., 2010).

The GO term "Regulation of transmembrane transport (GO:0034762)" exhibited
enrichment of genes including AHNAK, NRXN1, KCNC4, NEDDA4L, HTT, CACNA1A,
CACNALD, CACNA1C, NALCN, OAZ3, SCN9A, SCN1A, KCNH1, KCNJ6, SLC31A2,
S100A1, CASK, ANK2, ANK3, OPRM1, CACNB4, JSRP1, ASPH, CNKSR3, KCNMA1,
and SCN2A. Understanding the mechanistic pathways and connectivity involved in
regulating transporter expression and activity, particularly in critical barriers such as the
BBB, holds promise for identifying novel therapeutic targets for GBM and other

neurological disorders (Taggi, V. et al., 2023).

The GO term "Positive regulation of ion transmembrane transporter activity
(G0O:0032414)" highlighted enrichment of genes such as ASPH, S100A1, CNKSR3,
HTT, NEDD4L, ANK2, and ANK3. lon transporters play pivotal roles in maintaining ionic
homeostasis and cellular signal transduction under physiological conditions. Notably,
ion transporters such as NKCC-1 and NHE-1 have emerged as significant players in
cancer progression, including GBM (Cong D et al., 2015).

The GO term "Regulation of ion transmembrane transport (G0O:0034765)"
demonstrated enrichment of genes including AHNAK, NRXN1, KCNC4, NEDDA4L, HTT,
CACNA1A, CACNA1D, CACNALC, NALCN, SCNO9A, SCN1A, KCNH1, KCNJs6,
SLC31A2, S100A1, CASK, ANK2, ANK3, OPRM1, CACNB4, JSRP1, ASPH, CNKSR3,
KCNMA1, and SCN2A. Understanding the roles of ion transporters, particularly
sodium-potassium-chloride cotransporter isoform 1 (NKCC-1) and sodium-hydrogen
exchanger isoform 1 (NHE-1), in GBM and other malignant tumors is critical for
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identifying novel therapeutic strategies (Cong D et al., 2015).

The GO term "Negative regulation of cytosolic calcium ion concentration
(G0:0051481)" indicated enrichment of genes such as OPRM1, RYR3, and SLC8AL.
Dysregulation of calcium signaling pathways is implicated in various neurological
disorders, including GBM. Understanding the intricate mechanisms governing calcium
ion concentration may offer insights into novel therapeutic interventions (Maklad A. et
al., 2010).

The GO term "Actin filament depolymerization (GO:0030042)" revealed enrichment of
genes including VIL1, MICAL3, and MICAL2. Actin dynamics play crucial roles in
cytoskeletal regulation, and dysregulation of actin depolymerization is implicated in
cancer progression, including GBM. Understanding the role of actin-regulatory proteins
in tumor biology may unveil potential therapeutic targets (Hotulainen P et al., 2009).

The GO term "Microtubule-based movement (GO:0007018)" demonstrated enrichment
of genes including CCDC39, DYNC1H1, DNAH11, DNAH10, DNAH17, DST, DNAH7,
DNAAF1, STARDY9, HTT, DNAH9, SPG7, KLC1, KIF6, CLN3, KIF5C, and HYDIN.
Microtubules play essential roles in cellular processes such as cell division and
intracellular transport. Dysregulated microtubule-based movement may contribute to
the pathogenesis of GBM, underscoring the importance of investigating these
mechanisms further (Dehmelt L et al., 2006).

The GO term “Behavioral response to pain (G0O:0048266)" revealed enrichment of
genes including GIT2, SCN9A, CACNA1A, and GRIN2B. Pain perception and
management are critical aspects of patient care in GBM. Understanding the molecular
mechanisms underlying pain response may facilitate the development of targeted

therapies to alleviate pain and improve patient outcomes (Cho Y et al., 2021).

The GO term “Calcium ion transmembrane transport (GO:0070588)" exhibited
enrichment of genes including ITPR1, CACNA1A, CACNA1D, PKD2L2, CACNA1C,
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OPRM1, NALCN, GRIN2B, PKD1, RYR3, CACNB4, and TRPV6. Dysregulated calcium
ion transport is implicated in various aspects of tumor biology, including GBM.
Investigating the roles of calcium-transporting proteins may offer insights into novel

therapeutic strategies for targeting tumor-specific characteristics (Cong D et al., 2015).

The GO term “Amino acid transport (GO:0006865)” revealed enrichment of genes
including NTRK2, SLC46A1, GLS2, SLC1A2, CACNA1A, SLC3A1l, HTT, CLNS3,
SLC25A26, SLC7A6, CACNB4, CPT2, and SLC19A1. Amino acid transporters play
crucial roles in brain physiology and are implicated in various neurological disorders,
including GBM. Investigating the dysregulation of amino acid transport may provide

insights into novel therapeutic avenues for GBM treatment (Zaragoza R et al., 2020).

The GO term "Regulation of calcium ion transmembrane transport (GO:1903169)"
demonstrated enrichment of genes including JSRP1, CACNB4, AHNAK, ASPH,
S100A1, HTT, and ANK2. Calcium ion transport is tightly regulated and is essential for
various physiological processes in the brain. Dysregulation of calcium ion transport is
implicated in neurological disorders, including GBM. Investigating the regulatory
mechanisms governing calcium ion transport may offer insights into novel therapeutic
strategies for GBM treatment (Maklad A. et al., 2010).
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Figure 5.7(a): The histograms depicting GO enrichment analysis reveals the
distribution of enriched terms across pathways like biological processes (BP), cellular
components (CC), and molecular functions (MF). The X-axis represents the number of
genes enriched, while the Y-axis represents the modules of GO enriched. The color
shade reflects the significance of P values. This analysis focuses on the top 15 terms
within each pathway, although there are a total of 2937 terms for biological processes,

392 terms for cellular components, and 622 terms for molecular functions.
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Figure 5.7(b): GO enriched in biological processes (BP, MF, CC)
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Figure 5.7(b): The histograms depicting GO enrichment analysis reveals the
distribution of next 15 enriched terms across pathways like biological processes (BP),
cellular components (CC), and molecular functions (MF). The X-axis represents the
number of genes enriched, while the Y-axis represents the modules of GO enriched.
The color shade reflects the significance of P values. This analysis focuses on the next
top 15 terms within each biological pathway, although there are a total of 2937 terms for
biological processes, 392 terms for cellular components, and 622 terms for molecular

functions.
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CHAPTER 6
SUMMARY AND CONCLUSION

Malignant primary brain tumors remain among the most difficult cancers to treat, with a
5 year overall survival no greater than 35%. The most common malignant primary brain

tumors in adults are glioblastoma multiforme.

The study was done by using large dataset which contains 60660 gene ids in RNA-Seq
of glioblastoma multiforme which is extracted from the cancer genome atlas (TCGA)
database and analyzing this dataset using RNAlysis software and using packages like
TCGADbiolinks and Enrichr packages in R studio to get a wholistic view on the

expression of genes and GO enriched terms and pathways.

This field involves analyzing Rna-Seq data of Glioblastoma multiforme by performing
data preprocessing, exploratory data analysis, clustering, differential gene expression
analysis and enrichment analysis and how these enriched terms functions, pathways
and genes contribute to the brain cancer or tumor by using the RNAlysis software and
R studio.

The main goal of this project is to present RNALysis software to analyze the large RNA-
Seq data of brain cancer, and understand that, which is also used for the TCGA
datasets and also analyze different cancers datasets like raw count or expression data.
The scope of this project is to perform enrichment analysis based on the concept of
enriched functional GO term enrichment and pathway analysis of differential expressed
genes. Perform different functional categories according to the GO term enrichment
analysis for Biological process (BP), molecular function (MF) and cellular component
(CC).

In conclusion, the present study sheds light on the intricate pathogenesis of advanced
glioblastoma multiforme (GBM) and identifies several key genes and pathways

warranting further investigation as potential prognostic markers. Utilizing RNALysis
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software and R Studio, pinpointed a comprehensive set of significantly regulated
genes, including notable candidates like SCN1A, CACNA1C, ANK2, CASK, and JSRP1,

which may play pivotal roles in GBM development.

Gene Ontology enrichment analysis of 843 identified genes revealed their involvement
in crucial biological processes relevant to brain cancer. Particularly, terms such as
membrane depolarization during action potential, regulation of transporter activity,
calcium ion import, ion transmembrane transport, and actin filament depolymerization
emerged as top enriched categories, highlighting their significance in GBM
pathogenesis.

Nevertheless, further validation through molecular biological experiments,
computational analyses, and gene co-expression network studies is imperative to
elucidate the precise functions of these identified genes in GBM. Recognizing the
importance of investigating gene changes and expressions in RNA-Seq data can offer
valuable insights into potential therapeutic targets and predictive biomarkers for GBM,

paving the way for future research endeavors in this field.
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