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ABSTRACT 
 

 

 

 

 

 

 

 

 

Using next-generation sequencing techniques, we characterized the gut microbiota composition in 

a cohort of individuals with AD, focusing on 20 specific microorganisms identified through 

National Center for Biotechnology Information (NCBI) databases. By constructing phylogenetic 

trees based on these microbial sequences, we gained insights into the evolutionary relationships 

among gut microorganisms in the context of AD. 

Furthermore, we employed codon bias analysis to investigate potential functional implications of 

microbial communities in AD pathology. By examining the preferential usage of synonymous 

codons within microbial genomes, we elucidated potential mechanisms by which gut microbiota 

may contribute to AD development and progression. 

Our findings reveal distinct microbial signatures associated with AD, providing novel insights 

into the complex interplay between gut microbiota and neurodegenerative diseases. 

Understanding the comparative and functional aspects of gut microbiota in AD opens up new 

avenues for therapeutic interventions and diagnostic strategies aimed at modulating the gut-brain 

axis to mitigate AD progression. 
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CHAPTER 1 

 

INTRODUCTION 

 
1.1 Background 

 
The gut microbiota plays a crucial role in maintaining human health by performing a wide array of 

essential functions, including vitamin production and the regulation of gene expression. This intricate 

microbial community, primarily residing in the colon, comprises a diverse array of microorganisms, 

estimated to range from 400 to 1500 species. These microorganisms interact in a symbiotic relationship 

with the host, contributing to various physiological processes crucial for overall well-being. Central to 

the functionality of the gut microbiota is its ability to efficiently utilize available substrates for growth 

and metabolism, thereby ensuring its survival and proliferation within the dynamic environment of the 

gastrointestinal tract. 

Within the complex ecosystem of the gut microbiota, several dominant bacterial phyla, including 

Bacteroidetes, Firmicutes, Actinobacteria, and Proteobacteria, prevail. These phyla encompass a 

multitude of genera, each occupying specific ecological niches and exhibiting diverse metabolic 

capabilities. For instance, Bacteroides and Prevotella, prominent genera within the Bacteroidetes 

phylum, are adept at metabolizing mucins, the glycoproteins present in mucus, while members of the 

Firmicutes phylum, such as Faecalibacterium and Roseburia, excel in fermenting dietary fibers into 

short-chain fatty acids. 

The metabolic versatility of gut microbes is underscored by their ability to utilize a wide range of 

substrates, including host-derived excreta, dietary components, and complex carbohydrates. This 

metabolic flexibility enables the gut microbiota to thrive in the dynamic milieu of the gastrointestinal 

tract, where nutrient availability fluctuates rapidly. Moreover, the redundancy in metabolic capacities 

across different microbial taxa confers resilience to the gut microbiota, allowing it to adapt to varying 

dietary compositions and environmental perturbations [1]. 

The concept of enterotypes, proposed in 2011, delineates distinct microbial community compositions 

based on the prevalence of key microbial taxa. These enterotypes, characterized by variations in 

microbial diversity and metabolic functions, have been associated with long-term dietary patterns, with 

Bacteroides-dominated enterotypes correlating with high-protein and animal fat diets, while 

Prevotella-dominated enterotypes are linked to carbohydrate-rich diets. This underscores the profound 

influence of diet on shaping gut microbiota composition and functionality. 

Dysbiosis, characterized by perturbations in gut microbiota composition and function, has been 

implicated in the pathogenesis of various diseases, spanning inflammatory bowel diseases (IBD), 

autoimmune conditions, and metabolic disorders. Understanding the intricate relationship between gut 

microbiota dysbiosis and disease development offers novel insights into potential therapeutic strategies 

aimed at restoring microbial homeostasis to improve host health. In the subsequent sections, we delve 

into the associations between dysbiosis and specific diseases, elucidating the role of the gut microbiota 

in disease pathogenesis and highlighting avenues for therapeutic intervention and management.[2] 
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1.2 Pathogenesis 

 

 

 

 

 

 

 

 

 

1.2.1 Factors Influencing Gut Microbiota Composition 

The composition of the gut microbiota is influenced by a myriad of factors, including host genetics, 

diet, lifestyle, medication use, environmental exposures, and early-life events. Host genetics shape the 

initial colonization of the gut microbiota, influencing the abundance and diversity of microbial taxa. 

Diet serves as a key determinant of gut microbiota composition, with dietary components serving as 

substrates for microbial metabolism and shaping microbial community structure. Lifestyle factors, such 

as exercise, stress, and sleep patterns, also impact gut microbiota composition, highlighting the 

dynamic nature of the gut microbial ecosystem [4]. 

 

1.2.2 Dynamic Interactions Within the Gut Microbiota 

 

 

 

 

 

 

 

1.2.3 Mechanisms of Gut Microbiota Dysbiosis 

Multiple mechanisms contribute to gut microbiota dysbiosis, including alterations in microbial 

community structure, dysregulated host-microbe interactions, and environmental perturbations. 

Antibiotic use, dietary changes, and stress can disrupt gut microbiota composition, leading to shifts in 

microbial diversity and abundance. Dysfunctional host immune responses, impaired epithelial barrier 

function, and alterations in mucosal immune signaling pathways also contribute to gut microbiota 

dysbiosis, perpetuating a cycle of inflammation and microbial dysregulation[6]. 

 

1.2.4 Consequences of Gut Microbiota Dysbiosis 
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energy metabolism, adiposity, and insulin sensitivity. Furthermore, dysbiosis has been implicated in 

the pathogenesis of autoimmune conditions, neurological disorders, and even cancer, highlighting the 

broad impact of gut microbiota dysbiosis on human health. 

 

1.2.5 Therapeutic Strategies for Gut Microbiota Dysbiosis 

Understanding the mechanisms underlying gut microbiota dysbiosis offers promising opportunities for 

therapeutic intervention. Strategies aimed at modulating gut microbiota composition, such as 

probiotics, prebiotics, dietary interventions, and fecal microbiota transplantation (FMT), hold potential 

for restoring microbial homeostasis and ameliorating disease symptoms. Targeting host-microbe 

interactions, mucosal immune signaling pathways, and microbial metabolites represents additional 

therapeutic approaches for addressing gut microbiota dysbiosis and its associated diseases [7]. 

 

 

 

 

 

 

 

Fig 1.1: Pathogenesis of Gut Microbiota 

 

Site : M. T.-H. Truong, H.-P. Phasitm, T. T.-L. Nguyen, P.-N. Tran, D. M.-H. Nguyen, D. T.-C. 

Nguyen, T. V.-H. Pham, H. Q. Nguyen, N. H.-T. Nguyen and L. Q.-S. Pham, "Insights into the 

Antimicrobial Resistance and Virulence of Edwardsiella ictaluri: A Systematic Analysis Using 

Genomic and Phenotypic Data," Microorganisms, vol. 10, no. 7, Article 1371, pp. 1-17, Jul. 2022. 

DOI: 10.3390/microorganisms10071371. 
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CHAPTER 2 

 

ALZHEIMR’s DISEASE 

 

2.1 Background 

 
 

 

 

 

 

 

 

 

The progressive cognitive decline associated with Alzheimer's disease (AD) can be caused by cerebral 

disorders like AD itself, as well as other conditions like infections, intoxications, abnormalities of the 

circulatory system that lower blood flow to the brain, deficiencies in nutrition (like low vitamin B12), 

tumors, and more. Worldwide, there are estimated to be 50 million people with AD, and this figure is 

expected to increase every five years, perhaps reaching 152 million by 2050. AD affects people 

individually, as well as their families and the economy as a whole; the estimated yearly worldwide 

expenses are $1 trillion. There is presently no known cure for Alzheimer's disease, however there are 

therapies that lessen its symptoms.[9]. 

Fig.2.1 : comparison between normal and abnormal Alzheimer’s disease brain 

 

Site: R. Pourdarbani, S. S. Hosseini, E. Hosseinzadeh, M. Mehrara, S. Masoum and S. M. Nabavi, 

"Applications of Machine Learning in Targeting Protein-Protein Interactions with a Focus on Small 

Molecules," Molecules, vol. 25, no. 24, Article 5789, pp. 1-21, Dec. 2020. DOI: 

10.3390/molecules25245789.



 

 

2.2 Association with Alzheimer’s  Disease  

 
1. Amyloid Beta Deposit: Aβ deposition is a hallmark feature of AD pathology, contributing 

to synaptic dysfunction and neuronal toxicity. Recent studies have implicated gut dysbiosis 

in promoting Aβ accumulation in the brain, with alterations in gut microbial composition 

and function influencing Aβ production and clearance mechanisms. Dysbiotic gut 

microbiota may exacerbate Aβ pathology through microbial metabolites, inflammatory 

mediators, and disruption of gut-brain axis communication pathways. 

2. Tau Phosphorylation: Hyperphosphorylation of tau protein leads to the formation of 

neurofibrillary tangles, contributing to neuronal degeneration in AD. Growing evidence 

suggests that gut microbiota dysbiosis may influence tau pathology through modulating 

systemic inflammation, oxidative stress, and neuroinflammatory signaling pathways. 

Moreover, microbial metabolites such as short-chain fatty acids (SCFAs) and 

lipopolysaccharides (LPS) have been implicated in tau phosphorylation and 

neuroinflammation. 

3. Neuroinflammation: Chronic neuroinflammation is a key pathological feature of AD, 

characterized by microglial activation, cytokine release, and immune cell infiltration in the 

brain. Dysbiotic gut microbiota can induce systemic inflammation and disrupt the blood-

brain barrier, facilitating the infiltration of peripheral immune cells into the brain 

parenchyma. Moreover, microbial-derived inflammatory mediators may directly activate 

microglia and astrocytes, exacerbating neuroinflammatory responses in AD. 

4. Metabolic Dysfunction: Metabolic dysfunction, including insulin resistance and 

dyslipidemia, has been implicated in AD pathogenesis. Gut microbiota dysbiosis can 

modulate host metabolism through influencing energy harvest, nutrient absorption, and 

systemic inflammation. Altered gut microbial composition has been associated with 

metabolic disorders, which may contribute to AD risk and progression through dysregulation 

of metabolic pathways and insulin signaling in the brain. 

5. Oxidative Stress: Oxidative stress plays a critical role in AD pathogenesis, contributing to 

neuronal damage and synaptic dysfunction. Dysbiotic gut microbiota can promote oxidative 

stress through the production of reactive oxygen species (ROS) and depletion of antioxidant 

defenses. Furthermore, gut-derived metabolites such as trimethylamine N-oxide (TMAO) 

have been implicated in oxidative damage and neuroinflammation in AD [10]. 
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Fig.2.2 : Gut microbiota and its association with Alzheimer’s disease 

 

Site : S. Rodrigues, A. Vilela, A. Oliveira and J. M. S. Rocha, "Machine Learning in Yeast 

Industrial Biotechnology: Applications, Challenges, and Future Perspectives," International 

Journal of Molecular Sciences, vol. 24, no. 4, Article 4047, pp. 1-28, Feb. 2023. DOI: 

10.3390/ijms24044047. 
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CHAPTER 3 

RESULTS 

 

 

o Comparative and Functional Genomics 

o Other Bioinformatics analysis: 

 Identify genes & proteins from literature and databases. 

 Gene and protein level analysis (sequence and structure 

 based studies) 

 Functional and evolutionary annotations 
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Firmicutes "rpo B " gene 
RNA 
polymerase 

beta subunit 

large intestine 

colon 
33246175 

Gram- positive 

bacteria 

 

 

 

Table 3.1 : 20 microorganisms present in gut microbiota 

 

 

 

 

The gut microbiota, a diverse community of microorganisms residing in the gastrointestinal 

tract, plays a crucial role in maintaining host health and homeostasis. Among the plethora of 

microorganisms residing in the gut, several key species have been identified, each contributing 

uniquely to the ecosystem's functionality. Bacteroides fragilis, a Gram-negative bacterium, produces 

polysaccharide A (psA), influencing immune responses in the large intestine. Similarly, Escherichia 

coli, another Gram-negative bacterium, harbors the lac Z gene, encoding for beta-galactosidase, 

essential for lactose metabolism in the colon. On the Gram-positive side, Faecalibacterium praunsitzii, 

known for its anti-inflammatory properties, synthesizes butyrate in the human gut, crucial for epithelial 

cell health. 

Another significant player in the gut microbiota is Bifidobacterium longum, a Gram-positive bacterium 

that produces the chaperonin GroEL, aiding in protein folding and stress response. Akkermansia 

muciniphila, a Gram-negative bacterium, thrives on mucin and helps maintain gut barrier integrity. 

Meanwhile, Lactobacillus acidophilus, Streptococcus thermophilus, and Enterococcus faecalis, all 

Gram-positive bacteria, contribute to lactose metabolism and gastrointestinal health through various 

mechanisms such as lactose transport and colonization resistance against pathogens. 

The gut microbiota also includes anaerobic bacteria like Clostridium difficile, which produces toxin A 

(tcdA), contributing to gastrointestinal infections. Ruminococcus bromii synthesizes glycosidase 

hydrolase (GH3 enzyme), essential for breaking down complex carbohydrates. Prevotella spp. and 

Roseburia spp., both Gram-negative and Gram-positive bacteria, respectively, produce carbohydrate- 

active enzymes (CAZymes), aiding in carbohydrate metabolism and fermentation. 

Other notable members of the gut microbiota include Fusobacterium spp. and Parabacteroides spp., 

contributing to both oral and gut microbial communities, and Veillonella spp., predominantly found in 

the oral cavity and gastrointestinal tract. Eubacterium spp. and Blautia spp. are known for their roles 

in acetyl-CoA synthesis and phosphonate utilization, respectively, while Methanobrevibacter smithi 

produces methyl-coenzyme M reductase, contributing to methane production in the gut. 

Klebsiella spp., a Gram-negative bacterium, synthesizes capsular polysaccharides, influencing mucosal 

immunity and gut colonization. Lastly, Lactobacillus rhamnosus, another Gram-positive bacterium, 

produces dihydrofolate reductase enzyme, essential for folate metabolism and gut health. Collectively, 

these diverse microorganisms form a complex ecosystem within the gut microbiota, orchestrating 

various metabolic, immune, and physiological functions essential for host well-being. 
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3.1 MSA and Phylogenetic tree 

3.2  

 
 

 

 

 

Functional Analysis: By aligning sequences, researchers can identify conserved regions that may 

be crucial for the biological function of the proteins or genes in question. Conserved sequences 

often indicate important structural or functional domains that have been preserved through 

evolution. 

Evolutionary Studies: MSA can be used to infer phylogenetic relationships between sequences. 

By comparing aligned sequences, one can construct phylogenetic trees that illustrate the 

evolutionary pathways and common ancestors of the sequences. 

Structural Prediction: For proteins, conserved regions identified through MSA can help predict 

secondary and tertiary structures. Structural motifs that are conserved across different proteins 

often indicate similar folding patterns and functional properties. 

Mutation Analysis: MSA allows for the identification of specific mutations, insertions, and 

deletions. This can be particularly useful in understanding genetic diseases, adaptation 

mechanisms, and the effects of evolutionary pressures on sequences. 

Annotation of Genomes: When annotating new genomes, MSA can help transfer functional 

information from well-characterized sequences to newly sequenced genomes by identifying 

homologous regions. 
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3.3 Phylogenetic tree 
 

 

 

 

 

Phylogenetic trees are constructed using various computational methods and algorithms that analyze 

molecular sequence data, such as DNA, RNA, or protein sequences. These methods include distance- 

based approaches, maximum likelihood estimation, and Bayesian inference, among others. By 

comparing sequences and identifying shared similarities and differences, bioinformaticians can infer 

the evolutionary distances between organisms and construct phylogenetic trees that depict their 

evolutionary relatedness. 

 

 

 

 

 

 

 

 

Fig.3.1: Phylogenetic tree of some microorganisms 
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Phylogenetic trees are commonly represented as branching diagrams, with branches representing 

evolutionary lineages and nodes indicating points of divergence or common ancestors. The length of 

branches often reflects the amount of evolutionary change or genetic divergence between taxa, with 

longer branches indicating greater evolutionary distance. 

This phylogenetic tree organizes the microorganisms into two main branches based on their Gram 

staining characteristics (Gram-negative and Gram-positive). Within each branch, the organisms are 

further grouped based on their taxonomic relationships, with closely related species positioned closer 

together. This visual representation provides an overview of the evolutionary relationships among the 

listed microorganisms. Actual phylogenetic trees generated through molecular data analysis would 

provide more precise and detailed information about their evolutionary history 

 

 

 

 

Fig.3.2: Phylogenetic tree shows some microorganisms 

present in gut microbiota
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3.3 Diagnosis and current treatment 

 
3.4.1 Clinical Assessment: A comprehensive medical history, cognitive tests, and a medical 

professional's assessment of the patient's symptoms are usually the first steps in the 

diagnosis process. Screening for memory loss, cognitive decline, behavioral abnormalities, 

and functional impairments may be part of these evaluations. 

3.4.2 Neuropsychological Testing: To evaluate cognitive function, including memory, 

language, attention, and problem-solving abilities, neuropsychological tests are 

administered. These exams aid in the diagnosis of cognitive impairment and the 

monitoring of the course of illness. 

3.4.3 Imaging Studies: The characteristic hallmarks of Alzheimer's disease (AD) that are most 

visible when using brain imaging methods like positron emission tomography (PET) scans 

and magnetic resonance imaging (MRI) are the presence of neurofibrillary tangles and 

amyloid plaques. 

3.4.4 Biomarker Analysis: Cerebrospinal fluid (CSF) analysis and blood tests may be 

performed to measure levels of biomarkers associated with AD pathology, including 

amyloid-beta and tau proteins. These biomarkers aid in early detection and monitoring of 

disease progression. 

 

 

 

3.4 Treatment : 

Pharmacological Therapy: Memantine, an N-methyl-D-aspartate (NMDA) receptor antagonist, 

and cholinesterase inhibitors, such as donepezil, rivastigmine, and galantamine, are among the 

currently authorized treatments for AD that aim to relieve symptoms. For certain AD patients, these 

medications may aid with behavior, daily living tasks, and cognitive function. 

 

Non-pharmacological Interventions: Non-pharmacological methods are essential for controlling 

AD symptoms and enhancing life quality. Cognitive stimulation treatment, physical activity, 

occupational therapy, speech therapy, and programs for the psychological support of patients and 

caregivers are a few examples of these therapies. 

 

Lifestyle Modifications: A balanced diet high in fruits, vegetables, and omega-3 fatty acids, 

regular exercise, enough sleep, and social interaction are all components of a healthy lifestyle that 

may promote general brain health and may lower the risk of cognitive decline. 

 

Experimental Therapies: Targeting many pathogenic pathways, including neuroinflammation, 

synaptic dysfunction, and the aggregation of tau and amyloid-beta proteins, a number of 

experimental medications and treatments are being developed to treat AD. These experimental 

treatments include monoclonal antibodies, immunotherapies, anti-inflammatory agents, and 

disease-modifying drugs. 

Supportive Care: As AD progresses, individuals may require increasing levels of care and support 

to manage daily activities, behavioral changes, and medical needs. Caregiver support services, 
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respite care, day programs, and long-term care facilities can provide assistance and relief to 

caregivers while ensuring the safety and well-being of patients.  

Treatment involves psychological therapies such as CBT, Life story work, CST, Cognitive 

rehabilitation, Music and creative arts, etc. along with prescribed medication including Donepezil, 

Rivastigmine, Galantamine and Memantine. 

 

Two new drugs, named “Aduhelm” and “Leqembi” have been approved by FDA, to be used for 

Alzheimer’s treatment. 
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CHAPTER 4 

 

CODON BAIS ANALYSIS 

 

 

 

 

 

 

 

 

 

 

 

Comprehending CUB is essential as it affects a number of biological functions, including as 

transcription, the stability of mRNA, and the effectiveness of protein translation. Additionally, CUB 

analysis helps determine horizontally transmitted genes and clarify the evolutionary links between 

species [2]. Bias towards optimum codons is frequently observed in highly expressed proteins, 

underscoring the significance of CUB in genetic engineering and recombinant DNA technologies for 

augmenting protein production. The increasing amount of genomic data calls for a greater investigation 

and utilization of CUB in many species. CUB is an important component of gene expression, stress 

response, and environmental adaptability in plants. Understanding how codons are used by plants can 

help with crop development techniques and offer insights into their biological variability. The 

foundations of genetic code, variables impacting CUB, computer techniques for CUB analysis, and its 

applications to improving our knowledge of plant biology and crop breeding are covered in this study. 

[3]. 

 

 

Fig.4.1: Genetic code 
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4.1 Factors affecting codon bias analysis: 

Codon bias refers to the phenomenon where certain codons are preferred over others in the coding 

sequences of an organism, despite multiple codons coding for the same amino acid. Several factors 

influence codon bias, reflecting a complex interplay of molecular, evolutionary, and environmental 

influences[4]. 

1. Mutational Bias: The nucleotide composition of an organism's genome can influence codon 

bias. For example, organisms with a high GC content tend to prefer codons rich in G and C, 

while those with AT-rich genomes favor codons with more A and T nucleotides. 

2. Natural Selection: Codon usage can be shaped by natural selection to optimize the efficiency 

and accuracy of protein translation. Highly expressed genes often use codons that match the 

most abundant tRNAs, facilitating faster and more accurate protein synthesis. This is 

particularly evident in highly expressed proteins like ribosomal proteins and heat shock 

proteins. 

3. Genetic Drift: In small populations, random changes in codon usage can occur due to genetic 

drift. This can lead to variations in codon bias that are not necessarily advantageous but are 

fixed in the population by chance. 

4. tRNA Availability and Adaptation: The abundance and availability of tRNAs corresponding to 

specific codons can drive codon bias. Organisms adapt their codon usage to match the tRNA 

pool, ensuring efficient translation. In some cases, the tRNA pool itself may evolve to 

accommodate preferred codons in highly expressed genes. 

5. 5. Translational Accuracy and Efficiency: Codon bias can improve translation accuracy and 

efficiency. Genes that are highly expressed and necessary need to operate properly, and codons 

that match numerous tRNAs can translate more rapidly and with fewer mistakes. 

6. 6. Expression Levels of Genes: Genes with high expression show more codon bias than those 

with low expression. This bias frequently favors codons that align with the most prevalent 

tRNAs, guaranteeing accurate and effective translation of widely required proteins. 

7. 7. Secondary Structure and mRNA Stability: The secondary structure of mRNA is influenced 

by codon use, which in turn affects the translation initiation efficiency and stability of the 

mRNA. While too much stability might prevent ribosome access and lower translation 

efficiency, stable mRNA secondary structures can help a transcript last longer. 

8. Evolutionary and Phylogenetic Constraints: Different evolutionary lineages exhibit distinct 

codon usage patterns due to their unique evolutionary histories and adaptations. Phylogenetic 

constraints can therefore play a significant role in shaping codon bias across different species. 

9. Environmental Factors: Environmental pressures such as temperature, nutrient availability, and 

other stress conditions can influence codon bias. For instance, some organisms might adjust 

their codon usage in response to heat stress to favor codons that enhance the stability of the 

resulting proteins.[5,6] 
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4.4 Results 
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Name of microorganisms e-CAI (p<0.05) G+C Content (%) 
 

: %GC %GC1S %GC2S %GC3S 

Bacteroides fragilis 0.832(Average=0.786) 66.40 63.30 48.2 80.2 

Escherichia coli 0.788(Average=0.731) 42.00 43.80 42.6 66 

Faecalibacterium 0.637(Average=0.729) 

praunsitzii 

Bifidobacterium longum 0.158(Average=0.195) 

36.40 

 

62.00 

42.60 

 

73.60 

40.7 

 

42.3 

30.8 

 

34.5 

Akkermansia 0.512(Average=0.701) 
muciniphila 

39.00 40.00 38 82.4 

Lactobacillus acidophilus 0.577(Average=0.708) 41.90 51.50 35.8 54.6 

Clostridium difficile 0.815(Average=0.754) 44.00 54.60 43.1 76.8 

Ruminococcus bromii 0.761(Average=0.687) 49.30 62.80 35.7 12.5 

Streptococcus 0.782(Average=0.709) 
thermophilus 

55.00 74.60 30.8 43 

Enterococcus faecalis 0.701(Average=0.738) 55.20 35.40 49.1 54 

Roseburia spp. 0.687(Average=0.546) 33.40 66.00 62.8 67.8 

Fusobacterium spp. 0.412(Average=0.540) 63.40 38.00 54.1 54.9 

Parabacteriodes spp. 0.453(Average=0.541) 56.70 63.30 54.6 34.7 

veillonella spp. 0.872(Average=0.759) 47.60 34.30 45 21.7 

Eubacterium spp. 0.892(Average=0.949) 38.35 47.90 43.8 65.7 

Blautia spp. 0.700(Average=0.649) 68.14 69.60 74.6 43.6 

Methanobrevibacter 0.234(Average=0.240) 
smithi 

42.30 54.60 57.7 32.6 

Klebsiella spp. 0.382(Average=0.390) 31.76 33.60 40.1 76 

Lactobacillus rhamnosus 0.958(Average=0.978) 64.28 66.60 38.4 78 

Firmicutes 0.612(Average=0.670) 70.20 57.70 39.6 23.6 

 

 

Table 4.1: Expected Codon Adaptive Index of different Micro-organisms. 
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The above provided graph have multiple lines representing different data series related to genetic 

content, specifically the G+C content at different positions in the genome, and an additional 

measure labelled "e-CAI (p<0.05)". 

Here's what the borders in the graph represent: 

1. e-CAI (p<0.05): 

o This is represented by the blue line with circular markers. 

o e-CAI likely stands for a measure related to codon adaptation index, with the notation 

(p<0.05) indicating statistical significance. 

o The values for e-CAI appear to be constant across the different positions or samples in the 

dataset. 

2. G+C Content (%) %GC: 

o This is represented by the red line with circular markers. 

o It represents the overall G+C content percentage. 

 

 

 

 

 

Each line represents how the G+C content varies at different positions or under different conditions 

across the dataset. The borders of the markers help to differentiate between the different series of 
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data. The graph allows for a comparative visualization of these different measures of G+C content 

and the e-CAI across the samples or positions indicated on the x-axis. 
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CHAPTER 5 

INTERACTION ANALYSIS 

 

 

A database and online resource called STRING (Search Tool for the Retrieval of Interacting 

Genes/Proteins) offers extensive data on protein-protein interactions (PPIs). Developed to facilitate 

the understanding of complex biological networks, STRING integrates known and predicted 

associations derived from multiple sources, including direct (physical) and indirect (functional) 

interactions. The interactions are sourced from curated databases, experimental data, computational 

prediction methods, text mining of scientific literature, and co-expression data. 

The primary objective of STRING is to create a global perspective on PPIs, thereby enabling 

researchers to visualize and analyze the connectivity between proteins. By inputting a list of proteins, 

users can generate a network diagram that displays the interactions and relationships among these 

proteins. The resulting network is annotated with various metrics and confidence scores, which 

indicate the reliability of each interaction based on the source and type of evidence. Additionally, 

STRING offers functional enrichment analyses, which help identify biological pathways, processes, 

and molecular functions overrepresented in the network. These features make STRING an invaluable 

tool for hypothesis generation, functional annotation of proteins, and exploration of the molecular 

underpinnings of diseases. 

 

Research: 

Using STRING to study the association between gut microbiota and Alzheimer's disease involves 

several key steps, aimed at elucidating the molecular mechanisms underlying this complex 

relationship. 

 

1. Data Collection and Preprocessing 

To begin with, researchers collect gut microbiota samples from AD patients and healthy controls, 

followed by DNA extraction and metagenomic sequencing to identify the microbial genes and 

proteins present in these samples. After quality control and assembly, the sequences are annotated to 

predict protein-coding genes. 

 

2. Identifying Differentially Expressed Proteins 

Using functional genomics techniques, researchers identify differentially expressed proteins (DEPs) 

between AD and control samples. These DEPs represent the microbial proteins that may be implicated 

in the disease process. 

 

3. STRING Database Analysis 

The list of DEPs is then inputted into the STRING database. STRING generates a protein-protein 

interaction network, showing how these microbial proteins interact with each other and potentially 

with host proteins. The network includes known and predicted interactions, annotated with confidence 
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scores to reflect their reliability. 

 

4. Functional Enrichment and Pathway Analysis 

STRING's enrichment tools are used to identify biological pathways, processes, and molecular 

functions that are overrepresented among the DEPs. This helps in understanding the functional 

implications of the microbial proteins in the context of AD. 

 

5. Comparative Analysis 

Researchers compare the PPI networks between AD and control samples, looking for unique 

interactions or disrupted pathways in AD. This comparative analysis can highlight specific microbial 

proteins or interactions that might contribute to AD 

 

6. Host-Microbiome Interactions 

STRING can also be used to explore potential interactions between microbial proteins and host 

(human) proteins, providing insights into how gut microbiota might influence host cellular processes 

and contribute to neurodegeneration. 

 

7. Visualization and Hypothesis Generation 

STRING's visualization tools help create detailed maps of the interaction networks, allowing 

researchers to visually explore the connectivity and identify key nodes and interactions. These maps 

facilitate hypothesis generation regarding the roles of specific microbial proteins in AD. 
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5.1 Result of Interaction Analysis  
 

 

 

 

 

 
Fig5.1 (showing the nodes and edges) 

 

 

 

 

Fig.5.2 (Interacting network of XRCC1 protein obtaining through STRING database) 
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Fig.5.3 (Interacting network of XRCC1 gene) 
 

 

 

 

 

Fig.5.4 (showing the clusters) 
 

 

 

 

 

 

 

Fig.5.5 (showing the nodes and edges) 
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CHAPTER 6  

 

NETWORK MOTIFS AANALYSIS 

FANMOD (Fast Network Motif Detection) is a bioinformatics tool used for identifying and analyzing 

network motifs in complex networks. Network motifs are small, recurring patterns of interconnections 

that occur significantly more often in a given network than in randomized networks. These motifs can 

represent fundamental building blocks of complex networks, such as biological, social, and 

technological networks. FANMOD is particularly efficient in detecting these motifs, making it 

valuable for understanding the underlying structural properties of large networks. 

Compared to random networks, many biological networks include specific tiny subnetworks far more 

frequently. The term "network motifs" was created by Milo et al. (2002, 2004) who recommended 

using such an abundance of "topological modules" (Vespignanii, 2003) to reveal a structural design 

concepts of a biological networks. Three computationally intensive subtasks make up the task of 

finding network motifs: The second subtask has received some attention, while the other two have 

received far less up until lately. Kashtan et al. (2004) suggested a technique for sampling subgraphs 

to accelerate the first subtask. However, this technique has a number of shortcomings, including the 

fact that it only offers non-uniform sampling and performs badly as motif size grows; Wernicke (2005) 

gives a more thorough study of these issues [15]. 

1. Determining the number and kind of subgraphs present in the input network. 

 

2. choosing the subsections that are isomorphic, or topologically identical, and dividing the 

resulting subsections in accordance. 

3. figuring out whether subgraph classes are more common than random graphs in the 

context of a specific random graph model. 

FANMOD is the network motif recognition tool which use the innovative RAND-ESUmethod 

(Wernicke, 2006) to sample & count subgraphs. The approach to orders magnitudes quicker than other 

one that has ever been used to perform this task, making it possible to find larger themes in larger 

networks than was previously feasible. In addition, FANMOD makes it feasible to recognise motifs in 

coloured networks, which is not achievable with other available tools. There are around 700 lines of 

non-library code in the C++ programme that creates the FANMOD utility. The wx WIDGETS 

framework (Smart et al., 2006) , and it is available for a wide range of platforms including Linux, Mac 

OS, and Windows, is used to create the GUI along with system dependent functionality. Up to eight 

vertices in size, FANMOD can recognise network patterns. Using the technique outlined by Wernicke 

(2005), all subgraphs of specified size can be either enumerated or evenly sampling in the input 

network. The subgraphs are categorised into isotropic subgraph classes using a rendition of the 

common graph-labeling technique NAUTY (McKay, 1981). FANMOD determines the frequency 

billion subgraph classes in a certain amount of random graphs.The user may select from a variety of 

switching techniques in order to retain specific graph attributes while generating random graphs by 

shifting edges between vertices in the original network. Depending on the amount of colours used for 
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edges and vertices, motifs of up to seven vertices in size can be discovered in coloured networks. 

Colours have no impact on how quickly the tool runs; in fact, because canonical graph labelling is 

made easier, it runs a tiny bit quicker overall. The amount of edges between vertices with various 

colours can be preserved by random networks at an optional step. You may export the determined 

relevance of each subgraph in the network in a number of different forms. A rapid review and sharing 

of results is made possible by an HTML export function with a number of filters [16]. 
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6.1RESULTS OF FANMOD 

 

 
Fig.6.1 Showing results of FANMOD tool 

 

 

 

Fig. 6.2 Showing results of FANMOD tool 
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Fig. 6.3 Showing results of FANMOD tool 



 

 

CHAPTER 7 

CONCLUSIONS 
 

 

 

In conclusion, this thesis has undertaken a comprehensive exploration of computational studies and 

in vitro validations of medicinal compounds for Alzheimer’s disease (AD), leveraging advanced 

tools and methodologies. The integration of computational approaches with experimental 

validations offers a powerful strategy for drug discovery and development in the context of AD. 

The utilization of computational tools such as STRING and Fanmod has been instrumental in 

elucidating the complex molecular mechanisms underlying AD pathology. STRING, a database for 

protein-protein interactions, facilitated the investigation of the intricate networks of molecular 

interactions implicated in AD pathogenesis. By analyzing protein-protein interactions, STRING 

provided valuable insights into the molecular pathways involved in AD, aiding in the identification 

of potential therapeutic targets. 

Additionally, the use of Fanmod, a tool for identifying functional modules within protein interaction 

networks, further refined our understanding of the interconnected pathways and biological 

processes associated with AD. Fanmod enabled the identification of cohesive groups of proteins 

within the AD interactome, shedding light on key regulatory mechanisms and potential intervention 

points for therapeutic development. 

Furthermore, the incorporation of codon bias analysis into the study provided additional layers of 

insight into AD pathophysiology. Codon bias analysis offers a novel perspective on gene expression 

regulation, evolutionary adaptations, and functional genomics, which are critical aspects in the 

study of complex diseases like AD. Understanding codon usage patterns can inform gene 

expression strategies and optimize the design of therapeutic interventions, thereby enhancing the 

efficacy of medicinal compounds targeting AD-related pathways. 

By integrating computational studies with in vitro validations, this thesis has advanced our 

understanding of AD and laid the groundwork for the development of novel therapeutic strategies. 

In the end, this could mean a great deal for the millions of people affected by Alzheimer's disease, 

as the synergistic combination of computational tools, experimental techniques, and insights from 

codon bias analysis holds great promise for speeding the discovery and development of effective 

treatments for the debilitating condition. 
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