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COMPUTATIONAL IDENTIFICATION OF BIOMARKER AND
THERAPEUTIC TARGETS IN NEURODEGENERATIVE AND BRAIN
DISORDERS

Smita Yadav
ABSTRACT

Aim: The objective of the current study was to identify candidate sets of differentially expressed
and hub genes related to Multiple Sclerosis (MS) using bioinformatics methods, and to identify
potential phytochemical inhibitors targeting the BUB1B protein in Glioblastoma (GBM) through
molecular docking analysis.

Background: Neurological diseases like Multiple Sclerosis (MS) and Glioblastoma (GBM) are
highly complex diseases, characterised by impairment of the nervous system and few therapeutic
choices. Multiple Sclerosis involves immune-mediated demyelination and degeneration of the
nervous system, while Glioblastoma is a rapidly growing, aggressive malignant brain tumour that
is resistant to treatment. The identification of molecular Therapeutic targets and biomarkers is key
to the advancement of diagnosis and therapeutic approaches to the disease. Increased knowledge
about disease mechanisms and potential therapeutics using recent bioinformatics and
computational drug discovery advances. Effective tools for understanding disease mechanisms and
identifying potential therapeutics using bioinformatics and computational advances in drug
discovery.

Methodology: Gene expression data (GSE21942) were downloaded from the Gene Expression
Omnibus (GEO) database and analysed with GEO2R to generate a list of differentially expressed
genes. The STRING database was used to conduct functional enrichment analysis, Gene Ontology
(GO) pathway analysis, KEGG pathway analysis and protein—protein interaction (PPI) network
construction. Degree centrality analysis was used to determine hub genes. For molecular docking
studies, the three-dimensional structure of the BUB1B protein was obtained from the Data Bank
on Proteins. Phytochemicals were selected and screened using EasyDock Vina. Protein—ligand
interaction analysis was performed using LigPlot+, and the structural visualisation was performed
using PyMOL.

Results: A total of 1276 genes were identified as being DE (697 up-regulated and 579 down-
regulated). Multiple Sclerosis was found to be regulated by hub genes: RPS6, RPS28, RPS18,
CD79A, and CD79B. Functional enrichment analysis showed ribosomal activity, protein
translation, inflammatory pathways, and immune response were enriched pathways. Based on the
molecular docking study, a-peltatin had the highest binding affinity towards the BUB1 B protein
with a docking score of — 10.6 kcal/mol, indicating that it has therapeutic potential against
Glioblastoma
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CHAPTER 1

INTRODUCTION

Neurological disorders are a major problem on the planet, as they impact millions of people
across the world and lead to disability in the long term, low quality of life, and mortality
[11,12]. The disorders include a broad spectrum of central nervous system diseases such as
neurodegenerative diseases, autoimmune diseases, and malignant diseases [40,41]. Two of
them, Multiple Sclerosis (MS) and Glioblastoma (GBM), are imperative and widely researched
conditions because of their complex molecular pathways, heterogeneous nature, and limited
treatment efficacy [11,19]. Even with the innovations in medical science of the time, both
diseases pose challenges for early identification and tracking, as well as for effective treatment;
hence, the need to develop new methods to understand their underlying biology and potential
treatment modalities [13,20]. MS is a chronic autoimmune disease that is defined by the
inflammation, demyelination and progressive neurodegeneration of the central nervous system
[11,15]. Itis A leading cause of non-traumatic neurological disability in the world and is mostly
seen in young adults [12]. The disease is characterised by a defective immune response where
autoreactive T cells and B cells destroy the myelin sheath around neurons, resulting in a loss
of nerve signal conduction and neuro- pathology [15]. There is a broad spectrum of clinical
manifestations in MS patients, such as motor defects, sensory disorders, visual dysfunction,
and cognitive issues [11]. This heterogeneity is challenging to diagnostic like magnetic
resonance imaging (MRI) and cerebrospinal fluid examination frequently cannot reflect the
entire range of molecular changes related to disease onset and progression [14]. Molecular
mechanisms of MS are multifaceted interactions between immune dysregulation, inflammatory
signalling, and neuronal damage [15,41]. The effects of these interactions include dramatic
changes in gene expression patterns, which can be studied either by high-throughput
transcriptomic methods, such as microarray and RNA sequencing [4,8]. The discovery of
variously expressed genes (DEGs) in diseased and healthy states can give valuable information
about the mechanism of diseases and aid in finding possible biomarkers for diagnosis and
progression [3,49]. Larger-scale analysis of gene expression has been made easier through
curated datasets in publicly available databases, including the Gene Expression Omnibus (GEO
[1,2]. Computational analysis tools such as GEO2R can help the researcher to compare
statistics and detect DEGs effectively [3].

Nonetheless, gene expression analysis does not always give all the information about the
disease biology. Genes do not act alone but rather in complex ways; the protein-protein
interaction network analysis has become an effective method to learn more about the functional
connections between proteins [16,42]. The topological properties of PPI networks can be used
to identify hub genes that are core to disease-related pathways by building PPI networks [17].
These hub genes usually play a central role in regulating biological functions, and they may be
potential biomarkers or therapeutic targets. Unless otherwise specified, the data presented in
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this table represents a subset of functional enrichment data, e.g. Kyoto Encyclopedia of Genes
and Genomes (KEGG) and Gene Ontology (GO), which are available for further analysis
pathways, can be used to give an insight into the biological significance of the genes by
providing links to particular cellular functions and pathways [7,8]. Unlike MS, Glioblastoma
is one of the most severe and malignant types of primary tumours in the brain [19]. GBM is
defined by the high invasiveness, the rapid cell growth, and the resistance to the traditional
treatment regimens [21]. GBM patients have a median survival rate of about 12- 15 months,
which demonstrates the necessity to develop better treatment potions [20]. Tumour
heterogeneity is one of the biggest problems in GBM treatment, which leads to different cell
populations in the tumour's microenvironment [22]. Moreover, the existence of cells leads to
the recurrence and resistance of the tumor to therapy [23]. The molecular pathways that result
in GBM are the deregulation of important signalling pathways and cell cycle controls, which
facilitate unchecked cell division and tumor development [23]. One of these, BUB1B, which
is a mitotic checkpoint kinase, has become a key protein important in ensuring the stability of
the chromosome during cell division [24,25]. BUB1B overexpression has been linked to tumor
growth, genomic instability and chemotherapy and radiotherapy resistance [26]. Because of its
crucial contribution to the survival and progression of the tumors BUB1B has become an
attractive therapeutic target in the treatment of GBM [25]. The ability to target these proteins
could help to interfere with vital cellular functions in cancerous cells with minimal impact on
normal tissues, thus enhancing treatment outcomes [45]. The screening of large libraries of
chemical compounds is time-consuming and resource-intensive by traditional experimental
methods to uncover effective therapeutic agents that target particular proteins [44]. In this
respect, computational drug discovery techniques, especially molecular docking, have turned
out to be useful towards fast tracking the identification of drug candidates [29,30]. Molecular
docking, which enables the researcher to predict the binding affinity and stability of the
interaction and modes of binding [29]. This method will allow a quick screen of compound
libraries and finding potentially promising candidates to be further validated in an experiment
[30]. Phytochemical which are bioactive plant-based products, have attracted a lot of interest
in recent years as potential therapeutic agents against cancer [35,36]. Such natural compounds
have varied pharmacological effects [37]. Notably, numerous phytochemicals are capable of
bypassing the blood-brain barrier, which means that they are good candidates in brain tumour
treatment, including GBM [36]. Molecular docking combined with phytochemical screening is
an effective approach to finding natural compounds that have the potential to act against
particular disease-related proteins [29,35]. Computational biology has advanced at a very fast
pace, which has made it possible to combine various methods in the study of complex diseases
[42,43]. Large-scale biological data analysis using bioinformatics techniques allows
identifying disease-related genes, pathways, and in silico drug discovery methods allow
identifying therapeutic compounds against particular proteins [3,42]. Together, these methods
offer a holistic way old analyzing disease pathology and working on specific treatment.
Bioinformatics analysis can be used in the case of MS to identify molecular biomarkers related
to immune dysregulation and neurodegeneration [15]. Molecular docking in GBM has the
potential to discover compounds that can inhibit the activity of crucial proteins like BUB1B
[29]. Development has been made, but there are still several problems in the area of
computational biology [44]. Most of the studies are based on single datasets, which can restrict
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the externalisation of the results [2]. Also, computational predictions are frequently not tested
experimentally, which is required to establish biological relevance [45]. Additionally,
biomarker discovery and drug development are not well integrated, as these fields are often
studied separately [43]. To fill this gap, an integrated computational framework that integrates
various approaches must be developed to give a comprehensive insight into the biology of a
disease [42]. Here, the current research seeks to employ combined computational methods to
predict biomarkers and therapeutic targets in neurological diseases. In particular, the study will
analyse the result of gene expression to determine differentially expressed genes and hub genes
related to multiple sclerosis and the use of molecular docking tools to determine phytochemical
inhibitors of BUBIB in Glioblastoma. This study aims to add to the knowledge of the disease
and the development of treatment by integrating bioinformatics and in silico drug discovery.

In addition, advances in transcriptomic technologies and computational biology have greatly
enhanced the knowledge of molecular mechanisms behind neurological diseases [3,42]. The
high-throughput sequencing technologies like RNA sequencing and microarray analysis yield
large-scale biological data, which may be analysed by bioinformatics tools to discover disease-
associated molecular signatures [48,49]. These technologies have allowed researchers to study
global changes in gene expression that have helped to better identify genes and pathways
associated with disease progression [3]. Several MS studies have shown that there are
abnormalities in genes related to inflammatory response, activation of immune cells, oxidative
stress and neuronal degeneration [15,41]. Immune-related pathways come into play in a
dysfunctional way and play a significant role in Axonal injury and demyelination in the central
nervous system. More specifically, disease severity and progression have been associated with
changes in T cell, B cell, cytokine, and inflammatory mediator activity [11,15]. These
molecular changes may thus serve as useful biomarkers for early diagnosis and tracking of
disease progression. The knowledge of functional relationships among the disease-associated
genes has been further improved through the application of 4D+ of the protein—protein
interaction (PPI) network analysis [16]. The identification of highly interconnected genes
called hub genes through PPI networks is useful for identifying genes that play crucial roles in
biological pathways and cellular regulation [17]. Hub genes have been identified as central
nodes in biological networks and are potential therapeutic targets and markers [18]. These
genes can also be annotated to specific pathways and processes using tools of functional
enrichment analysis, such as Gene Ontology (GO) and KEGG pathway analysis, which help to
provide a biological context for these genes [7,8]. Likewise, cell cycle regulation, apoptosis,
the DNA repair pathway, and signalling pathways of mitosis are all critical processes altered
in the development and progression of Glioblastoma [19,23]. One of the critical mitotic
checkpoint kinases, BUB1B, is a component of chromosome segregation and maintenance of
genomic stability during cell division [24,25]. The overexpression of BUB1B has been linked
to uncontrolled tumour growth, chromosomal instability and chemoradiotherapy resistance in
the glioblastoma patient [26]. Thus, the inhibition of BUBIB activity becomes an attractive
therapeutic approach to combat tumour proliferation and to enhance the therapeutic outcome
[25]. Traditional drug discovery methods are time-consuming, costly and involve huge
experimental screening [44]. On the other hand, computational drug discovery techniques like
molecular docking can be used to quickly and cheaply identify potential therapeutic
compounds [29,30]. Molecular docking determines the interaction between a drug and a target
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protein using binding affinity, orientation, and stability [29]. Compounds with more binding
interactions with target proteins are regarded as candidates for further experimental testing for
drug development [30]. Phytochemicals have been gaining more attention in recent years
because of their wide range of pharmacological activities and reduced toxicity when compared
to synthetic drugs [35,36]. Phytochemicals have anti-inflammatory, anti-oxidative, and anti-
cancer qualities that may help treat brain tumors and neurological conditions [37]. More than
a few phytochemicals have demonstrated the ability to penetrate the blood-brain barrier, thus
having therapeutic potential for central nervous system diseases [36]. Therefore, the
combination of phytochemical screening and molecular docking can expedite the discovery of
new drugs against proteins that are associated with a disease like BUBIB [29,35]. Recently,
the use of integrated computational methods that integrate bioinformatics analysis and
molecular docking has gained great significance in biomedical research [42, 43]. These
approaches help identify disease biomarkers and can also aid in finding therapeutic compounds
that are specific to a disease. The combination of transcriptomic analysis, network biology, and
structure-based drug discovery gives a whole picture of disease mechanisms and therapeutic
possibilities [42]. Both of these strategies are consistent with the principles of precision
medicine that aim to create personalised therapeutic strategies based on the molecular
characteristics of the diseases [43]. While there has been significant advances in computational
biology, there are a number of drawbacks in existing studies [44]. The majority of the studies
are based on one data set and have not been validated enough to ensure reliability and
repeatability [2]. Besides, the computational prediction derived from molecular docking studies
is frequently followed by molecular dynamics simulations, pharmacokinetic analysis and
experimental studies [38]. Thus, there is an unmet need for a computational model that
integrates and validates biomarker discovery with therapeutic target identification [42]. For
this reason, the present study aimed to overcome these limitations by combining transcriptomic
analysis based on bioinformatics with molecular docking approaches. Finding molecular
biomarkers linked to multiple sclerosis and screening phytochemical substances for the
BUBIB protein in glioblastoma are the main goals of the research effort. It is anticipated that
this integrated computational approach will aid in the development of specific treatment
approaches for neurological illnesses as well as an understanding of the underlying
mechanisms of disease [42, 43].




CHAPTER 2

LITERATURE REVIEW

2.1 Multiple Sclerosis and Bioinformatics Approaches

Inflammation, demyelination, and neurodegeneration are the hallmarks of multiple sclerosis
(MS), a chronic inflammatory disease of the central nervous system [11,15]. It is an affliction
of young adults and is among the most typical reasons for neurologically impaired individuals
in the world [12]. An abnormal immune response pathophysiologically mediates the disease,
whereby autoreactive T cells and B cells attack the myelin sheath of the neurons, leading to
impaired neuronal communication and, consequently, neurological dysfunction and cognitive
impairment [15]. The clinical symptom heterogeneity and disease progression are significant
challenges to diagnosis and treatment [14]. The understanding of MS on a molecular level has
greatly improved in the past few years with the development of computational biology [42].
Bioinformatics methods allow analysing a large amount of biological data, which provides
information on how genes can change their expression under disease conditions [3]. The
microarray and RNA sequencing technologies enable researchers to analyse the expression of
thousands of genes at the same time, which helps in identifying disease-related molecular
signatures [48]. Investigation into large-scale computational analysis using curated datasets of
gene expression is made accessible in publicly available repositories like the Gene Expression
Omnibus (GEO) [1,2]. Applications such as GEO2R involve statistical procedures to reveal
the differentially expressed genes (DEGs) between the disease and control groups [3]. DEGs
are genes that have tremendous variations in the expression level and are regarded as significant
signs of disease-related molecular changes [49]. Studies on bioinformatics have indicated that
MS is linked with deregulation of immune response, inflammation, neuronal signalling
pathways, and genes [15]. The discovery of these genes is essential to comprehend the
mechanism of the disease as well as to create potential biomarkers for diagnosis and prognosis
[3]. Nevertheless, the analysis of gene expression does not present the full picture of the
analysis of disease since biological systems are prone to complex interactions of molecules[42].

2.2 Hub Gene Identification and Protein—Protein Interaction Networks

Network-based methods such as protein-protein interaction (PPI) analysis have become
commonly used in systems biology to overcome the limitations of single-gene analysis [16,42].
PPI networks enable a global perspective of the interaction between proteins in a cellular
context and are used to identify important regulatory elements that are involved in disease
processes [16]. STRING database is typically utilised to form PPI networks since it combines
known and predicted protein interactions from various sources [5]. Using the mapping of DEGs
onto PPI networks, researchers can identify functional relationships between proteins and can
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detect highly interconnected nodes called hub genes [17]. These hub genes are major
contributors of network stability and are usually key regulators of biological functions [18].
Using PPI network analysis in the context of Multiple Sclerosis, a few key hub genes related
to disease progression have been identified. Ribosomal proteins (RPS6, RPS28 and RPS18)
have been reported to be among the key upregulated genes, indicating the increased protein
synthesis and the cellular responses to stress. Alternatively, immune-related genes like CD79A
and CD79B are almost always down-regulated, which points to impaired B-cell signalling and
immune dysregulation [15]. It is specifically important that the hub genes are identified, as
these genes can be used as potential biomarkers and therapeutic targets [18]. Targeting hub
genes can have a significant effect on disease pathways since these key nodes in biological
networks are essential to the development of illness [16]. As a result, PPI network analysis
provides a useful approach for understanding disease mechanisms at the systems level [42].

2.3 Functional Enrichment and Pathway Analysis

To determine the biological meaning of differentially expressed genes, there is an important
step of functional enrichment analysis [46]. This method is accomplished by mapping genes to
established biological terms like Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways [7,8]. Gene Ontology analysis divides genes into three broad
categories: cellular components, molecular functions and biological processes [7]. Enrichment
analysis in MS has demonstrated that the upregulated genes are commonly related to ribosomal
activity, translation of proteins and stress response of the cell. Conversely, the downregulated
genes are associated with the immune processes enriched, such as B cell receptor signalling
and antigen processing [15]. KEGG pathways analysis also gives information about signalling
pathways related to disease [8]. Research has established that MS has a link with immune
response, inflammation and neurodegeneration pathways [41]. The result underscores the
multifactorial interrelation of immune dysregulation and neurodegenerative damage in MS
pathogenesis [15]. Besides GO and KEGG analyses, other phenotype-based methods, such as
Monarch analysis, correlated changes in gene expression with the apparent disease phenotype.
This assists in the comprehension of how molecular changes can be converted to clinical
manifestations. In general, functional enhancement analysis improves the analysis of
transcriptomic data and gives a more in-depth insight into the disease processes [46].
Nevertheless, the majority of studies concentrate on identifying the pathways but do not
integrate them with therapeutic approaches, limiting their translational opportunities [43].

2.4 Glioblastoma and BUB1B as a Therapeutic Target

The most common and malignant type of primary brain tumor is glioblastoma (GBM). which
is highly invasive, exhibits quick growth, and is resistant to therapy [19]. Despite the
improvement in the surgical procedures, radiotherapy and chemotherapy, GBM patients are
very unfortunate because the median survival time is still quite short, about 12-15 months [20].
Tumor heterogeneity is seen as one of the greatest challenges in GBM treatment as a result of
the existence of different populations of cells in the tumor microenvironment [22]. Moreover,
cancer stem-like cells also play a role in cancer recurrence and resistance to treatment, which
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makes GBM especially challenging to treat [23]. On a molecular level, GBM development is
caused by the imbalance in the activity of key signalling pathways and cell cycle regulators
[23]. One of these, BUBIB (BUBRI1), a mitotic checkpoint kinase, is a key protein in the
process of ensuring correct segregation of chromosomes during cell division [24,25]. BUB1B
has been linked to tumor progression, genomic instability, and resistance to therapy because of
its overexpression [26]. Research has shown that BUBIB inhibition can disrupt mitotic
mechanisms, cause cell cycle arrest and decrease tumor growth [24]. This renders BUB1B a
promising therapeutic agent to treat GBM [25]. Nevertheless, finding effective inhibitors with
the ability to selectively target BUBIB and with a low level of toxicity is an outstanding
challenge [44].

2.5 Molecular Docking and Phytochemical-Based Drug Discovery

Experimental screening techniques, which are resource-intensive and time-consuming, are
traditionally used to discover new therapeutic agents [44]. The computational methods,
especially the molecular docking, have brought revolution to the discovery of drugs since they
facilitate the rapid screening of large compound libraries [29,30]. Molecular docking is a form
of simulating the interaction between a target protein and small molecules, which enables
researchers to predict the binding affinity and stability of the interaction [29]. The values of the
binding energy of the docking studies give an estimate of how strongly a ligand and a protein
bind, with a lower value representing a stronger interaction [30]. The phytochemicals, which
are naturally found bioactive compounds of plants, have been of great interest as a possible
therapeutic agent [35,36]. These compounds have pharmacological activities such as
antioxidant, anti-inflammatory, and a wide and anti-cancer properties [37]. Notably, in most
cases, phytochemicals can cross the blood-brain barrier, thus they are good candidates to treat
brain diseases like GBM [36]. The recent computational investigations have revealed a number
of phytochemicals that have a great binding affinity to BUB1B [29]. Promising interaction
profiles, such as stable hydrogen bonding and hydrophobic interaction with the important
residues in the ATP-binding pocket of BUB1B, have been observed with compounds like a-
peltatin, 2 -peltatin, and demethyl dehydropodophyllotoxin. These results indicate that
phytochemicals could be used as possible BUB1B inhibitors and could also help in the creation
of specific therapies against GBM [35]. Nonetheless, the majority of docking research is
reduced to affinity prediction and does not provide additional validation of molecular dynamics
simulations, pharmacokinetics, and experimental research [38]. Hence, more detailed methods
that involve computational predictions and biological validation are required.

2.6 Integration of Bioinformatics and Drug Discovery Approaches

Despite the remarkable advances in the fields of biomarker discovery and drug development,
the two are usually looked into separately [43]. Bioinformatics approaches primarily focus on
the discovery of disease-related genes and pathways, whereas computational drug discovery
focuses on identifying therapeutic compounds that target specific proteins [42]. A combined
methodology that incorporates these techniques can give more insight into the mechanisms of
disease [42]. Bioinformatics analysis enables the discovery of molecular biomarkers associated
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with disease progression in Multiple Sclerosis [15]. Molecular docking aids in the discovery
of compounds that can interact with important proteins like BUB1B in Glioblastoma [29]. The
gap between disease diagnosis and treatment can be filled by connecting gene-level
understanding with target-based drug discovery [42]. The proposed integrated framework is
consistent with the ideas of precision medicine, which tries to create customised therapeutic
approaches to the individual molecular profiles [43].

2.7 Study Rationale and Significance

Although much has been done to understand biology, there are still a few challenges that may
be encountered in understanding and treating neurological disorders. Most studies are based on
individual datasets, which might not be sufficient to reflect the heterogeneity of diseases [2].
Also, the majority of the research activities are either geared towards the discovery of
biomarkers or drug discovery, and a lack of integration between these two research directions
is observed [43]. Various studies have found differentially expressed genes and hub genes in
Multiple Sclerosis, but there are still few studies that translate the results into therapeutic
approaches [15]. In a similar case, in glioblastoma, though BUB1B has been suggested as a
possible therapeutic target, limited research has been done on phytochemical-based inhibitors
using a thorough computational analysis [24]. In addition, the molecular docking studies are
usually limited to the binding affinity prediction and are not validated by the advanced
techniques that include the molecular dynamics simulations and pharmacokinetic analysis [38].
The above limitations emphasise the need to have integrated computational platforms involving
transcriptomic analysis and drug discovery [42]. To deal with these issues, the current study
uses an integrated approach of computations that integrates bioinformatics-based gene
expression analysis to identify biomarkers in Multiple Sclerosis and molecular docking-based
screening of phytochemicals targeting BUB1B in Glioblastoma. This method will offer a
detailed insight into the pathophysiology of diseases and, at the same time, identify a source of
potential therapeutic compounds. The study, by connecting the biomarker discovery with the
target-based drug screening, leads to the design of more efficient diagnostic and therapeutic
approaches to neurological disorders.




CHAPTER 3

METHODOLOGY

3.1 Research Methodology Overview

The current research uses an integrated computational platform to bring together bioinformatics
analysis and structure-based drug discovery to examine neurological disorders [42,43]. The
methodology is aimed at identifying molecular biomarkers associated with Multiple Sclerosis
(MS) and potential therapeutic compounds targeting Glioblastoma (GBM) [11,19]. The study
has two significant parts. The former is the transcriptomic analysis of the data of gene
expression to find hub genes and differentially expressed genes (DEGs) associated with MS
[3]. These involve dataset retrieval, differential expression, protein-protein interaction (PPI)
network and functional enrichment analysis [16,46]. The second component focuses on
structure-based drug discovery, in which molecular docking is used to identify phytochemicals
that target the BUB1B protein in Glioblastoma [29,30]. This includes the preparation of
proteins, ligand selection, docking analysis, and interaction evaluation [27]. The study, by
combining these methods, makes a linkage between disease-related molecular processes and
the identification of therapeutic targets [42].

3.2 Bioinformatics Analysis for Multiple Sclerosis
3.2.1 Dataset Selection

The publicly accessible gene expression information was obtained from the Gene Expression
Omnibus (GEO) database. for multiple sclerosis [1,2]. The dataset GSE21942 was used for this
study because it contains the gene expression profiles of both MS patients and healthy control
individuals. The 29 samples in the collection were produced using microarray technology.
Because it offers clearly defined sickness and control groups, this dataset is suitable for a
differential gene expression study.

3.2.2 Differential Gene Expression Analysis

The GEO2R online program, which is based on the limma statistical package, was used to
conduct differential gene expression analysis [3]. MS and control were the two groups into
which the samples were split. For each gene, log2 fold change (log2FC) values and matching
p-values were computed using GEO2R. Filtering criteria were used to identify statistically
significant genes. Genes were deemed significant if their p-value was less than 0.05. Among
these, genes were classified as upregulated if their log2 fold change was larger than +1, and as
downregulated if their log2 fold change was smaller than —1. Genes that didn't meet these
requirements were excluded from the analysis.




3.2.3 Data Normalisation

Log?2 transformation was used to normalise gene expression data so that samples could be
compared [48]. This stage guarantees that variations in gene expression have biological
significance while reducing technical variances. To ensure that the dataset was properly
normalised, boxplot analysis was utilised.

3.2.4 Building Protein—Protein Interaction (PPI) Networks

Protein—protein interaction networks were constructed using the STRING database in order to
examine the functional connections between the discovered genes [5]. Homo sapiens was
chosen as the organism, and a high confidence interaction score of 0.900 was used to guarantee
trustworthy interactions. For gene sets that were upregulated and downregulated, distinct PPI
networks were created. To increase network clarity and concentrate on biologically significant
relationships, isolated nodes were eliminated.

3.2.5 Analysis of Functional Enrichment

To ascertain the biological importance of the discovered genes, STRING was used for
functional enrichment analysis [46]. Genes were categorised into cellular components,
molecular functions, and biological processes using Gene Ontology (GO) analysis [7]. To find
pathways connected to multiple sclerosis, KEGG pathway analysis was performed [8].
Phenotype analysis was also used to link alterations in gene expression to features of the
disease. These investigations revealed networks pertaining to immune response, inflammation,
and cellular control and shed information on the molecular mechanisms driving multiple
sclerosis [15].

3.2.6 Hub Gene Identification

Using degree centrality, hub genes were found based on the PPI network's topological
characteristics [17]. Because they are essential to biological networks and the development of
disease, the genes with the greatest number of connections were referred to as hub genes [18].
These hub genes were chosen as possible multiple sclerosis biomarkers.

3.3 Molecular Docking for Glioblastoma

3.3.1 Preparing the Target Protein

The Protein Data Bank provided the target protein BUB1B's three-dimensional structure (PDB
ID: 4R8Q). To guarantee compatibility with docking simulations, the protein was produced
using AutoDock Tools [28]. Water molecules, co-crystallised ligands, and unnecessary
heteroatoms were eliminated during preparation. Kollman charges were assigned, and polar
hydrogen atoms were added. The PDBQT format was used to store the prepared protein
structure.
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3.3.2 Ligand Selection and Preparation

Based on their documented anticancer effects, 80 phytochemicals were selected [35,36]. Open
Babel software was used to obtain these chemicals' structures and transform them into a three-
dimensional format. To enable conformational flexibility, rotatable bonds were designed, and
Gasteiger charges were introduced. PDBQT format was used to store the prepared ligands.

3.3.3 Molecular Docking Procedure

EasyDock Vina, which is an engine that is based on AutoDock Vina, was used to perform the
molecular docking [26]. To achieve good binding of the ligand with the BUB1B protein, a grid
box was delimited around the active site of the BUB1B protein. The grid parameters were set
as follows:

* Centre: X =-28.379

*Y=19.179

*Z=-12.680

* Size: 25 x 25 x 25 A,

The ligand's lowest binding energy was selected for further study. The binding affinity of each
ligand was determined as a binding energy (kcal/mol); the smaller the value, the stronger the
binding [27].

3.3.4 Selection of Top Candidate Compounds

The binding affinity values from molecular docking analysis were used as the basic criterion
for ranking the docked ligands. The binding energy (kcal/mol) is a measure of the strength and
stability of how the substance and the target protein interact, and each compound was assessed
based on this value. The compounds that showed more negative values for the binding energy
were believed to possess a stronger binding affinity and higher interaction stability. The largest
number of compounds were grouped into the top candidates based on this ranking, which is
based on the lowest binding energy values for all compounds screened as phytochemicals.
These compounds were found to be potential inhibitors of the BUB1 B protein as they form a
stable interaction within the active site of the protein. Choosing the best candidates is
significant to advanced analysis since compounds that bind strongly to the protein are likely to
display strong inhibitory activity for the target protein. Therefore, the compounds that were
shortlisted were regarded as potential drug candidates and were subjected to more analysis of
interaction and validation [29,30].

3.3.5 Protein-Ligand Interaction Analysis

Protein—ligand interaction was analysed using the two-dimensional representation between
ligands and protein residues, LigPlot+ [32]. It will allow one to clearly see hydrogen bonds and
hydrophobic interactions between the ligand and the amino acid residues of the active site,
which occur in the target protein. A few significant amino acid residues were identified in the
analysis, which are important for the binding of the ligand. The hydrogen bonding interactions
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and the hydrophobic interactions are important types of interactions that contribute to the
protein-ligand complex's stability and selectivity and to the binding affinity and structural
stability, respectively. These interactions are crucial for proper orientation of the ligand in the
active site as well as for effective inhibition of the target protein. This analysis has the
advantage of identifying the specific residues that participate in binding and can be used to
guide the choice of compounds that hold promise for further studies [30,32].

3.3.6 Structural Visualisation

Protein ligand interactions were visualised in three dimensions using PyMOL [33]. The
software provides a detailed analysis of the spatial structure, delivering the ligand to the active
region of the target protein, making it easy to view the orientation, geometric structure and
conformational positioning of the ligand. This step was crucial for the validation of the results
of the docking, as it allowed us to see the fit of the ligand in the binding pocket of the BUB1B
protein visually. The analysis also contributed to the understanding of the stability of the
protein—ligand complex by analysing the position of important interacting residues, and the
overall structural compatibility of the ligand in the active site. Moreover, three-dimensional
visualisation helps to understand the atomic-level molecular interactions, which helps to
confirm the accuracy of docking prediction and helps with understanding for further drug
design and optimisation studies [29,33].

3.4 Integrated Computational Framework

This study's methodology combines molecular docking with bioinformatics analysis to offer a
thorough understanding of neurological illnesses [42]. While the molecular docking technique
makes it easier to find possible therapeutic drugs that target BUBIB in glioblastoma, the
bioinformatics approach makes it possible to identify disease-associated genes and biomarkers
in multiple sclerosis [3]. This integrated methodology connects target-based pharmaceutical
development with gene expression data, bridging the gap between drug discovery and illness
knowledge [43]. This strategy is appropriate for cutting-edge biomedical research since the
application of computational tools guarantees effectiveness, affordability, and scalability [44].
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Figure 3.1: Integrated computational workflow illustrating bioinformatics analysis for
identification of differentially expressed and hub genes in Multiple Sclerosis, and molecular
docking-based screening of phytochemical compounds targeting BUBIB protein in

Glioblastoma.
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CHAPTER 4

RESULTS

4.1 Determination of Genes with Differential Expression

GEO2R was used to conduct a differential gene expression study between samples from
multiple sclerosis and healthy controls [3]. There were 1276 differentially expressed genes
(DEGs) found, comprising 579 downregulated and 697 upregulated genes.

Volcano plot
GSE21942: Expression data from peripheral
blood mononuclear cells in...
Control vs Patient, Padj<0.05

0P|

log2(fold change)

Fig 4.1 Volcano plot of the GSE21942 dataset to visualise genes whose expression is up or
down in MS patients compared to healthy controls. Grey colour means the genes that are not
significant, blue colour means genes that have been down-regulated (log2FC< -1, p < 0.05),
and red represents genes that have been up-regulated (1og2FC> 1, p < 0.05).

4.2 Data Normalization

In order to reduce technical variance and ensure comparability of gene expression between all
samples, standardisation of data was performed [48]. To ensure accurate comparisons between
samples, variance was stabilised by log2 transformation of the expression values during
normalization step [48]. A box plot of the distribution of each sample's gene expression values
is displayed both before and after normalization in Figure 4.2. All the median expression levels
are in the same range after normalization, showing that the data is distributed evenly. This
indicates that the data is suitably normalized and is suitable for further analysis, including
network analysis and differential gene expression. Therefore, normalization of gene expression
data is a crucial step in transcriptomic analysis as it can reduce the variations that might occur
during experimental and technical processes involved in sample processing and data
acquisition [48,49]. The consistency of the normalization process also increases confidence in
downstream analyses of the differences in gene expression. Normalization of expression values
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yielded a uniform distribution of expression levels, further supporting the quality and
consistency of the dataset, and improving confidence in the identification of differentially
expressed genes and related biological pathways [3]. Further, by normalizing the data, it can
serve as a basis for subsequent functional enrichment analysis, building networks of
interactions between proteins and identifying hub genes in advanced bioinformatics analyses
[16,46].

Boxplot

GSE21942

Fig 4.2 Data normalisation and group comparability are confirmed by a box plot of normalised
gene expression values for MS and control samples.

4.3 Functional Enrichment Analysis

The STRING database [5] was used for a functional enrichment study of the DEGs, or
differentially expressed genes. To find biological processes and pathways that were noticeably
enriched, Gene Ontology (GO) and KEGG pathway studies were performed [7,8]. Results
indicated that the genes that were upregulated were mainly associated with the processes of
ribosomal activity, protein translation, and suggested a higher metabolic activity of the cells.
The downregulated genes, by comparison, showed significant associations with immune
response, B-cell receptor signalling and inflammatory pathways, which suggests that there is
an interference with the immune regulation in Multiple Sclerosis [15]. The enrichment results
of the genes that are upregulated are shown in Figure 4.3 (a-e), and the enrichment results of
the genes that are downregulated are shown in Figure 4.3 (f-))

Moiscular Funetien (Gene Gritsiogy) envichmant *

Fig 4.3a Gene Ontology (GO) biological process enrichment analysis showing the
significantly enriched biological pathways associated with upregulated differentially expressed
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genes (DEGs) in Multiple Sclerosis.  Fig 4.3b Gene Ontology (GO) molecular function
enrichment analysis illustrating the significantly enriched molecular functions associated with
upregulated differentially expressed genes (DEGs) in Multiple Sclerosis.

KEGG Patiways enncment

Fig 4.3c Gene Ontology (GO) cellular component enrichment analysis showing the
significantly enriched cellular components associated with upregulated differentially expressed
genes (DEGs) in Multiple Sclerosis.

Fig 4.3d KEGG pathway enrichment analysis illustrating the significantly enriched biological
pathways associated with upregulated differentially expressed genes (DEGs) in Multiple
Sclerosis.

‘‘‘‘‘‘

Fig 4.3e Monarch phenotype enrichment analysis showing the significantly associated
phenotypic characteristics linked with upregulated differentially expressed genes (DEGs) in
Multiple Sclerosis.

Fig 4.3f Gene Ontology (GO) biological process enrichment analysis showing the
significantly enriched biological pathways associated with downregulated differentially
expressed genes (DEGs) in Multiple Sclerosis.

Molecular Funcion (Gene Ontology) enrchmen.

sssss
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Fig 4.3g Gene Ontology (GO) molecular function enrichment analysis illustrating the
significantly enriched molecular functions associated with downregulated differentially
expressed genes (DEGs) in Multiple Sclerosis.
Fig 4.3h Gene Ontology (GO) cellular component enrichment analysis showing the
significantly enriched cellular components associated with downregulated differentially
expressed genes (DEGs) in Multiple Sclerosis.
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Fig 4.3i KEGG pathway enrichment analysis illustrating the significantly enriched biological
pathways associated with downregulated differentially expressed genes (DEGs) in Multiple
Sclerosis.

Fig 4.3j Monarch phenotype enrichment analysis showing the significantly associated
phenotypic characteristics linked with downregulated differentially expressed genes (DEGs) in
Multiple Sclerosis.

4.4 Hub Gene Identification and the PPI Network

The protein-protein interaction (PPI) network was built based on the STRING database to
investigate the functional relationship among the identified differentially expressed genes [5].
The network analysis revealed that there was a significant interaction between the genes,
suggesting that they are linked in some way to help each other function. The PPI networks of
both upregulated and downregulated genes are shown in Figure 4.4 (a-b). Such networks
consist of nodes (proteins) and the interactions between them (edges). Hub genes were nodes
with a high degree centrality [17] that were determined as hub genes. Hub gene analysis showed
that the genes that were upregulated included RPS6, RPS28 and RPS18, indicating the genes
were related to the activity of the ribosomes and protein synthesis. On the other hand, the two
genes CD79A and CD79B were identified as the primary hub genes that were down-regulated,
suggesting their role in immune response and B-cell signalling pathways [15]. These data
indicate the relevance of hub genes in the molecular pathways of Multiple Sclerosis. Moreover,
hub genes identified by PPI network analysis give valuable clues on molecular mechanisms
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related to Multiple Sclerosis disease [16,42]. Hub genes are found in the centre of the gene
interaction network and play an important role in the regulation of many cellular pathways [17]
and are therefore biologically significant. Highly connected ribosomal proteins (RPS6, RPS28,
RPS18) indicate greater translational activity and/or metabolic changes in disease states. The
downregulation of the immune-related hub genes CD79A and CD79B also helps to confirm a
role for immune dysregulation and impaired B cell signalling in MS pathogenesis [15]. Beyond
this, PPI network analysis can be used to obtain an understanding of the functional coordination
between disease-associated proteins and can identify potential biomarkers and therapeutic
targets [18]. Those genes that are better-connected within a network are more likely to be
critical for maintaining biological stability and disease progression [16]. Hence, the discovered
hub genes could be useful molecular markers in the diagnosis and prognosis of MS and as
targets for therapeutic interventions [42].

Fig 4.4 a PPI network of upregulated DEGs in MS generated using STRING (confidence score
> 0.900). Nodes stand in for the proteins, and the interactions are represented by edges. The
highly connected nodes denote hub genes, which include RPS6, RPS28 and RPS18.
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Fig 4.4 b PPI of downregulated DEGs in MS generated by use of STRING (confidence score
>0.900). The proteins are represented by the nodes and the interactions between them by the
edges. The important hub genes are CD79A and CD79B.

4.5 Molecular Docking Results

To determine the binding affinity of the chosen phytochemical compounds to the BUB1B
protein, molecular docking was carried out [29,30]. The docking analysis has been conducted
using EasyDock Vina, which generated several binding conformations of each ligand in the
active site of the protein [27]. The docking was used to give binding energy values of each
compound, which are used to determine the strength of the ligand's interaction with the target
protein [29]. The smaller the binding energy values, the stronger and more the interaction is
[30]. Moreover, molecular docking analysis gave detailed information regarding the interaction
between the selected phytochemical compounds and the active site of the BUB1B protein [29].
Multiple binding conformations generated during docking revealed that the compounds were
able to fit effectively within the ATP-binding pocket of the target protein. The docking poses
generated were used for determining the most stable docking pose for each ligand with the
lowest binding energy values [30]. In addition, the docking study showed that some compounds
showed stable interactions with the essential active site residues of the BUBIB protein,
suggesting that it has the potential to inhibit the protein [29,35]. The binding affinity values
obtained indicate that the selected phytochemicals have good interaction properties and can
disrupt the normal function of the target protein. These interactions are crucial in the process
of structure-based drug discovery as a tighter interaction between the ligand and the protein is
linked to increased inhibitory power [30]. Also, the docking results offer preliminary
indications of the therapeutic potential of phytochemical compounds against Glioblastoma by
targeting the protein BUB1B, which is part of the mitotic checkpoint [24,25]. Computational
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methods have been useful in speeding up drug discovery, and compounds with high binding
affinity has been identified to support the usefulness of these methods in drug discovery and
screening of bioactive molecules [44]. Based on the above facts, the molecular docking analysis
carried out in the present study is an important step in screening for possible lead molecules
for experimental validation and therapeutic development [29,38].

4.6 Binding Affinity Analysis

Eight phytochemical compounds were screened against the BUBIB protein, and the
compounds were ranked by their affinity to the protein [29]. The result revealed that alpha
peltatin (POHX0006) had the best binding strength using a docking score of -10.6 kcal/mol,
showing a strong interaction with the target protein. Other compounds like 2 peltatin and
POHX0054 were also shown to have significant binding affinities, implying their potential as
inhibitors of the BUB1 B protein [35,36]. The binding values of the top-ranked compounds are
summarised in the Table. Additionally, binding affinity analysis was used to gain information
about the binding strength and stability of the selected phytochemical compounds in the
selected BUB1B protein [29]. Molecular docking-derived binding affinity scores are regarded
as an important parameter to assess the inhibitory activity of a compound against a protein.
Strong and stable protein—ligand interactions are typically correlated with compounds having
lower binding energy values [30]. The docking scores in this study suggest that the
phytochemicals screened in the present study have significant binding potential towards the
active site of the BUB1B protein. The most binding compound among all the screened was a-
peltatin, which may be more stable of interaction and therefore useful as a therapeutic drug for
Glioblastoma [35]. In addition, the existence of good docking scores for other compounds, like
B-peltatin and POHX0054, further highlights the importance of phytochemicals for use as
inhibitors against the mitotic checkpoint protein [36,37]. Structural differences in the
compounds (conformation, functional groups, interaction ability) with the protein binding
pocket might cause the variation of the docking scores [29]. The results indicate that
compounds with higher binding affinity might have more inhibitory activity and possibly be
used for further pharmacological investigation. Hence, the binding affinity analysis carried out
in this study will be used as a valuable foundation for the identification and prioritisation of
potential lead compounds for further drug discovery studies against Glioblastoma [44].

DOCKING SCORES AND KEY INTERACTING RESIDUES OF TOP
RANKED PHYTOCHEMICALS WITH BUB1B

I Phytochemical Score Key interacting residues

POHX0006 a-Peltatin -10.6 Glu795, Gly796, Val801, Lys821, Asp921,
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11945

POHX0023

|3-Peltatin

-10.4

Glu795, Gly796, Val801, 11e924, Lys821,
IAsp921,
11e945

IPOHX0054

4’-O-Demethyl-
dehydropodophyllotoxin

-10.2

Gly794, Gly796, Glu795, Val801, 11921,
11e945

POHX0034

Picropodophyllin

Gly794, Gly796, Glu795, Val801, 11e924,
Lys821,
Asp921

IPOHX0033

Isopicropodophyllotoxin

GIu795, Gly796, Val801, 11e924, Lys821,
|Asp921,
11e945

IPOHX0045

Ellagic acid

Glu795, Gly796, Val801, 11e924, Lys821,
|Asp921,
11e945

IPOHX0047

Podophyllotoxin

Glu795, Gly796, Val801, 11e924, Lys821,
|Asp921,
11e945

IPOHX0017

Podophyllin

Glu795, Gly796, Val801, 11e924, Lys821,
IAsp921,
11e945

POHXO0011

4-Demethyl-
desoxypodophyllotoxin

IVal801, Gly796, Glu795,
11e945

IPOHX0036

Ophyllotoxin

Glu795, Gly796, Val801, 11924, Lys821,
IAsp921,
11e945

4.7 Protein—Ligand Interaction Analysis

LigPlot+ was used to analyse the protein-ligand interaction between the selected compounds

and the BUB1B protein. It was observed that the most effective compounds were stable key

amino acid residues in the active site through hydrophobic interactions and hydrogen bonding.

Specifically, residues like Glu795, Gly796 and Val801 were discovered as playing a significant
role in ligand binding. The protein—ligand complex is stabilised and becomes more complicated
by these specific interactions. Figure 4.7 shows the pattern of interaction of the top compound.

Image LigPlot+ (2D interaction diagram of a-peltatin)
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4.8 Structural Visualization

The protein-ligand complexes of the selected compounds were visualised in three dimensions
using PyMOL to confirm the binding orientation and stability of the chosen substances in the
BUBIB active site protein. The results of the visualisation revealed that a-peltatin was properly
fitted in the ATP-binding pocket of the protein, forming a stable complex. The docking findings
are further confirmed by the proper orientation and interaction of the ligand in the binding site.

Fig 4.8 Three-dimensional visualisation of the BUBI1B- alpha- peltatin complex, where the
binding orientation of the ligand in the active site of the protein is shown.
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CHAPTER 5

DISCUSSION AND CONCLUSION

This paper used an integrated approach of calculating using bioinformatics analysis and
molecular docking to examine molecular pathways and potential pharmacological targets in
neurological diseases, namely Multiple Sclerosis (MS) and Glioblastoma (GBM) [3,29].
Transcriptomic analysis combined with structure-based drug discovery was an all-
encompassing tool to comprehend the disease progression and identify possible therapeutic
approaches [42,43]. The bioinformatics analysis results showed massively different patterns of
gene expression in MS, and this indicates a great molecular change is related to the pathology
of the disease [3,48]. The increased expression of genes related to ribosomal functions and
protein synthesis, which is enriched, suggests that the cellular metabolic processes are
increased, and that this might be related to cellular stress responses and disease progression
[15]. These findings are consistent with earlier research, such point to the role of the altered
protein synthesis in neurodegenerative and autoimmune diseases [40,41]. By contrast, down-
regulated genes were the most common ones in relation to the immune response and the B-cell
signalling pathways, highlighting the important role of immune dysregulation in the
pathogenesis of MS [15]. This immune imbalance could be one of the factors leading to the
gradual degenerative changes in the central nervous system [11]. Subsequent protein-protein
interaction (PPI) network analysis allowed identification of key hub genes, including those of
the upregulated genes, RPS6, RPS28 and RPS18, and those of the downregulated genes,
CD79A and CD79B [16,18]. These hub genes are very interconnected, and they are very
important in ensuring that cells are maintained in a good state of homeostasis and biological
functions [17]. The fact that the ribosomal proteins are hub genes implies they are involved in
increased translational activity, whereas immune-related genes indicate that there is impaired
immune signalling. These hub genes can be potential biomarkers used in early diagnosis,
monitoring of diseases, and targeting of therapies in Multiple Sclerosis, as these hub genes are
centrally located in the network [18]. Molecular docking analysis of the BUB1B protein, which
is one of the key regulators of the mitotic checkpoint signalling, identified several
phytochemical compounds with a high binding affinity to this protein in the Glioblastoma
component of the study [24,29]. Out of the screened compounds, a-peltatin was found to have
the highest binding affinity, which means that it can be a promising therapeutic candidate.
Other compounds, including 2 -peltatin and POHX0054, also had a strong interaction with the
target protein and therefore are of possible use as alternative inhibitors [35,36].

The protein-ligand interaction analysis further showed that these compounds develop stable
Hydrophobic interactions and hydrogen bonding with important amino acid residues in the
active site of the BUBIB protein, such as Glu795, Gly796 and Val801 [31,32]. Such
interactions are critical in ensuring binding stability and specificity, which is paramount in
effective inhibition of protein functioning [30]. In addition, the structural visualization has
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verified the presence of the ligands in the right place in the ATP-binding pocket of the protein,
which supports the reliability and accuracy of the docking results [33]. These results suggest
that phytochemicals that have been selected can disrupt the process of cell cycle regulation in
tumor cells and consequently inhibit the growth of tumor cells [24]. The combination of
transcriptomic analysis and molecular docking in the current study is a comprehensive and
effective plan to connect the disease-related biomarkers with the identification of therapeutic
targets [42]. Although bioinformatics analysis can be used to identify the key genes and
pathways involved in the disease processes, molecular docking can be used to screen and
evaluate a large number of compounds that target specific proteins in a very short period of
time [29,30]. Such an integrated methodology can contribute to a better comprehension of the
biology of diseases and help to design specific and tailored therapeutic solutions [43].

Along with such promising results, this study has some limitations. The analysis was done on
a single gene expression dataset, which is not a complete representation of Multiple Sclerosis
complexity and heterogeneity [2]. Also, molecular docking outcomes are computational
predictions and are not necessarily accurate in vivo [30]. Consequently, the therapeutic
potential of the identified compounds needs to be verified further through the use of molecular
dynamics simulations, pharmacokinetic analysis, and experimental studies [38]. Overall, the
present research has been able to highlight the important molecular biomarkers related to
Multiple Sclerosis and the potential phytochemical inhibitors of the BUBIB protein in
Glioblastoma. The findings illustrate the usefulness of combined computational methods in
biomedical research and show their potential in eliminating the gap between disease knowledge
and drug discovery [42,44]. The results of the current study will form a very solid foundation
for further research in the future, to create new diagnostic tools and therapeutic approaches that
are specific to neurological disorders.

Moreover, results from this study highlight the need for considering integrated computational
biology techniques in understanding the complex molecular mechanisms involved in
neurological disorders [42,43]. The identification of a collection of genes with varying
expression levels, and a set of hub genes, gives insights into the immune dysregulation, the
inflammation and the neurodegeneration pathways of Multiple Sclerosis [15,41]. These
molecular markers can play a major role in the identification of new diagnostic markers and
individualised therapeutic approaches in disease management [43]. The significance of these
functional enrichment analysis results showed that the genes identified are involved in
significant cellular and molecular pathways, such as ribosomal activity, immune response and
inflammatory signalling pathways [7,8]. Ribosomal pathways and protein processing were
enriched in the upregulated genes, indicating enhanced cellular metabolism and protein
synthesis in disease conditions [15]. The downregulation of immune-associated pathways, on
the other hand, suggests immune regulatory abnormalities and B-cell signalling abnormalities,
both of which are believed to play an important role in the disease course of Multiple Sclerosis
[11,15]. These observations are in line with studies that have already been published on
autoimmune and neurodegenerative diseases [40,41]. Further, the results of the identification
of hub genes through PPI network analysis are helpful to provide information on the central
regulators that are central to the progression of disease [16,17]. Hub genes can have multiple
functions and be important for the maintenance of multiple biological pathways in the cell
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simultaneously, because they are highly connected in biological networks [18]. Hence, the
genes RPS6, RPS28, RPS18, CD79A and CD79B could be useful as molecular markers in
early diagnosis, prognosis and therapeutic targets in Multiple Sclerosis [15,18]. Futhermore,
the present molecular docking study revealed the applicability of structural based drug
discovery strategies in the identification of therapeutic molecules for the disease related protein
targets [29,30]. The compounds selected for phytochemicals showed good binding ability to
the BUBI1B protein, which suggests their potential inhibitory effect on Glioblastoma [35,36].
The interactions between o-peltatin and important amino acid residues within the ATP binding
pocket of the BUBIB protein indicate the potential mechanism of its interference with the
regulation of the mitotic checkpoint and proliferation of tumour cells [24,25]. The results of
this study are in line with earlier reports on the therapeutic value of natural products for cancer
therapy [35,37]. The other major implications of the study are that phytochemicals can be
utilized as therapeutic agents because they have relatively lower toxicity and high biological
activity [36,37]. The pharmacological activities of these compounds present in plants are also
very diverse, including antioxidant, anti-inflammatory, and anticancer properties, and could be
responsible for the therapeutic effect in neurological diseases and brain tumors [37]. Moreover,
a number of phytochemicals have been shown to be able to cross the blood—brain barrier,
making them more promising for the treatment of diseases affecting the central nervous system,
including Glioblastoma [36]. Thus, the combination of transcriptomic analysis and molecular
docking offers a holistic approach for associating disease-related biomarkers with the
identification of new therapeutic targets [42]. These multifaceted strategies could greatly speed
up drug discovery and enhance clarity of disease biology at the molecular level [43].
Traditional lab methods can also be accelerated, money can be saved, and the number of
experiments conducted can be reduced through the use of computational tools [44]. As a result,
computational biology has become an integral part of today's biomedical research and precision
medicine approaches [42,43]. Even though the results from this study were encouraging,
additional studies with molecular dynamics simulation, ADMET analysis, and experimental
testing would be beneficial to ensure the therapeutic potential and biological stability of the
compounds identified [38,44]. The results of the study can be more reliable and clinically
applicable in future studies with a greater quantity of samples and verification of experiments.
Furthermore, introducing A.I. a nd machine learning technologies to transcriptomic and
docking analysis could further boost the prediction accuracy and identification of other novel
therapeutic targets in neurological diseases [43,44]. Overall, the present study has proven that
the integrated computational approaches, which include bioinformatics analysis, network
biology and molecular docking, can yield valuable insights into the mechanisms of disease and
into therapeutic target discovery in neurological diseases [42]. This study's results can help in
the future development of diagnostic markers and targeted therapeutic approaches for Multiple
Sclerosis and Glioblastoma, to aid precision medicine and computational drug discovery.
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