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SUMMARY

Multiple Sclerosis (MS) is a type of autoimmune disease of the central nervous system
(CNS) and characterized by the damage in myelinated axons in varying degrees.
Depending on the severity of the immune-mediated attacks, the neural dysfunctions
become permanent. Both genetic and environmental factors contribute to the
development and progression of the disease, resulting in diverse clinical presentations.
Within the last decade, thanks to the advancements in next-generation sequencing
technology, microbiome studies gained great progression and revealed a significant
relationship with MS. In this thesis, it was aimed to investigate the presence of any gut
microbiome alterations in patients suffering from MS, and examination of possible
consequences of this change. For that purpose, 16S sequencing data of two different
studies have been used to identify distinguish a healthy individual from the MS
patients using several machine learning algorithms. A significant amount of increase
was detected in bacterial genera of Lysinibacillus, Blautia, Akkermansia,
Ruthenibacterium and Anaerostipes in samples collected from MS patients, and they
were assigned as potential markers in the classification of disease and normal
phenotypes with at least 87% accuracy. Empirical pathway analysis by performing two
machine learning algorithms, decision tree and random forest, predicted ‘amytrophic
lateral sclerosis’, ‘lipopolysaccharide biosynthesis’, and ‘glutathione metabolism’
pathways, which were shown to be enhanced in MS patients, from KEGG database.
The obtained accuracy in this classification was 89%. In conclusion, the bacterial gut
microbiome compositions and their potential target pathways were determined, and
potential markers in the classification of MS patients and healthy controls were
proposed. Further studies to link microbiome composition and immune system of the
host may have a great impact on the reveal of the disease development and progression,

and help to propose new strategies against MS.

Keywords: Gut Microbiome, Multiple Sclerosis, Microbiome Analysis, Pathway

Analysis, Machine Learning



OZET

Multiple Sklerozda insan Bagirsak Mikrobiyom Degisikliklerinin incelenmesi

Multiple Skleroz (MS) merkezi sinir sisteminin (CNS) miyelinli aksonlarda degisen
derecelerde hasar ile karakterize edilen bir tiir otoimmiin hastaligidir. N6ral fonksiyon
bozukluklari, bagisiklik aracili ataklarin siddetine bagl olarak, kalici hale gelir. Hem
genetik hem de ¢evresel faktorler, gesitli klinik bulgularla sonuglanan hastaligin
gelisimine ve ilerlemesine neden olur. Son on yil iginde, yeni nesil sekanslama
teknolojisindeki gelismeler sayesinde mikrobiyom ¢alismalarinda biiytik ilerleme
kaydedilmis ve MS ile arasindaki anlaml iligki ortaya ¢ikarilmistir. Bu tezde, MS
hastalarinda bagirsak mikrobiyom degisikliklerinin varliginin arastirilmast ve bu
degisikligin olas1 sonuclarinin incelenmesi amacglanmistir. Bu dogrultuda, makine
ogrenme algoritmalar1 kullanilarak saglikli bireyleri MS hastalarindan ayirt etmek igin
iki farkli calismanin 16S sekans verileri kullanilmistir. MS hastalarindan toplanan
orneklerde Lysinibacillus, Blautia, Akkermansia, Ruthenibacterium ve Anaerostipes
bakteri cinslerinde 6nemli miktarda artis saptanmis ve hastalik ile normal fenotiplerin
smiflandirilmasinda en az %87 dogrulukla bulunan bakteriler potansiyel belirtecler
olarak belirlenmistir. Karar agac1 ve rastgele orman makine 6grenme algoritmalari ile
gergeklestirilen ampirik yolak analizlerinde MS hastalarinda gelistirilmis oldugu
gorulen Amyotrofik Lateral Skleroz', 'lipopolisakkarit biyosentezi' ve ‘glutatyon
metabolizmasi' yolaklarimin aktif oldugu g6zlenmistir. Bu siniflandirmada elde edilen
dogruluk %89 idi. Sonu¢ olarak, bakteriyel bagirsak mikrobiyom bilesimleri ve
bunlarin potansiyel hedef yollar1 belirlenmistir. MS hastalarinin siniflandirilmasinda
ve kontrollerde potansiyel belirtegler dnerilmistir. Mikrobiyom bilesimi ile konagin
bagisiklik sistemini birbirine baglamak icin yapilacak diger ¢aligmalar, hastaligin
gelisiminin ve ilerlemesinin ortaya ¢ikmasinda biiylik bir etkiye sahip olabilir ve MS'

e kars1 yeni tedavisel stratejiler 6nerilmesine yardimer olabilir.

Anahtar Kelimeler: Bagirsak Mikrobiyomu, Multiple Skleroz, Mikrobiyom Analizi,

Yolak Analizi, Makine Ogrenmesi



1. BACKGROUND AND AIM OF STUDY

One of the functions of the immune system is to differentiate non-self from a self.
By differentiating non-self, the immune system protects the body by responding to
pathogens, such as viruses, bacteria, and parasites. Compromised by various reasons,
immune cells make a mistake and attack self-cells. These mistakes can lead to a broad
category of autoimmune diseases. These diseases can affect one, ten, one hundred or
a thousand people per million. Other than true-autoimmune diseases, there are various
diseases whose conditions considered to be related to autoimmune disease. One of the
diseases that its conditions might be related to autoimmune disease is Multiple
Sclerosis (MS). MS is a nervous system disease that affects the human brain and spinal
cord via damaging the myelin sheath. Myelin sheats' primary function is protecting
nerve cells by being surrounding material. The damage on the myelin sheath slows
down or blocks messages between the brain and the body, leading to MS's symptoms
(1-4).

In most cases, MS is mild, but seldomly people lose the ability to write, speak, or
walk. There is no cure for MS, but medicines (immunomodulatory: IFN-beta and
glatiramer) may help manage the disease and improve the quality of life by slowing it
down and helping control symptoms. Some of the validated physical and occupational
therapies help to relieve the MS symptoms. Both the physical activity and
immunomodulation also affect and also affected by the microbiome. Although some
good quality microbiome projects have been published in the past, the improved
bacterial taxonomy through this time makes previous data reanalyzed for better
resolution for microbiome& MS interactions. Therefore, this thesis aims to investigate
whether the human gut microbiome alterations in MS with improved bacterial

taxonomies with various feature selection and decision tree tools (5,6).



Bacterial taxonomies are still developing with a tremendous amount of sequencing
facilities. Our increased amount of the whole genome sequencing and improved
bacterial taxonomies help us obtaining a better microbial profile of previously
analyzed data. Not only the resolved unclassified sequences via higher identifications
but also the corrected bacterial taxonomies help us higher resolution in microbiome
profiles. In this thesis, concerning a various number of machine learning,
Lysinibacillus, Blautia, Akkermansia, and Anaerostipes levels are observed with the
help of improved operating taxonomic units (OTUs). Testing datasets can be explained

higher than 87% at least accuracy using various machine learning algorithm.

Other than the direct immunological effects, the indirect empirical metabolite
effect of the microbiome from microbial diversity also tested in this thesis. Usually,
researchers use both LS-NMR/MS and metatranscriptomic sequencing for the gut
metabolites' role in the development of MS in patients. Although Mallick et al., 2019
performed predictive modeling of metabolome from 16S sequencing data with the help
of the Human metabolome project, predictive metabolome modeling has performed
for the first time with the help of the Human microbiome project and GhostKoala
database (7). From that novel empirical pathway analysis, Amyotrophic lateral
sclerosis, lipopolysaccharide biosynthesis, and glutathione metabolism found to be
significantly important by using Gradient Boosted Random Forest classified decision
trees. The accuracy of classification of a decision tree test data is at least 83%. Various

researchers will highly use our method for early hypothesis for various other diseases.

With the help of the submitted thesis, managing disease with fortified therapeutics
with sufficient support from microbiome modulation will be evaluated by MS
researchers. Our novel results will be used for adjunctive therapies concerning
microbiome modulations and ignite new project proposals. It has to be further

investigated experimentally.



2. INTRODUCTION

2.1 Multiple Sclerosis

Multiple Sclerosis (MS), also known under its Latin name encephalomyelitis
disseminate (ED), is common an immune-mediated and Central Nervous System
(CNS) demyelinating disease. There are nearly 2,500,000 Multiple Sclerosis people in
the world (4). The World Health Organization (WHO) reported that the mean
worldwide predominance of the MS is assessed to be 30/100 000, with an average rate
of 2.5/100 000 and a normal period of the beginning of 29.2 years. The predominance
is most noteworthy in Europe (80/100 000) and more prominent in high-pay nations
(89/100 000) than in upper-center (32/100 000), lower-center (10/100 000), and low-
salary country (0.5/100 000). (3). Patients are grouped into three major categories
based on the symptoms progress of the disease. These are Relapsing-remitting MS
(RRMS), Secondary Progressive MS (SPMS) and, Primary progressive MS (PPMS).

The most common form of MS is relapsing-remitting MS. The relapsing-remitting
form of MS is characterized by complete or partial remission after a distinguishable
MS episode leading to exacerbation of clinical symptoms. Moreover, its early
symptoms include paresthesia, visual problems, and strain-induced weakness of the
legs. SPMS or PPMS, then again, are described by interminable, consistent sickness
movement. Relapses are characterized as the emergence of new clinical symptoms that
last longer than 24 hours, which can be distinguished from the previous section at least
30 days separated and cannot be attributed to a alter in body temperature level or viral
infection (1,8).
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Figure 2.1. Types of Multiple Sclerosis (Lublin et al., 2014)

There are treatments only to reduce partially effects of symptoms, but there is no
cure. The causing effect of MS is still not apparent. MS progress is influenced by both
genetic and nongenetic triggers, such as a virus, metabolism, and environmental
factors. The combinations of genetics and nongenetic factors cause a self-sustaining

autoimmune disorder disease, MS (2,9).

2.1.1 Genotypic Effects

It is now well established that one of the most causing effects of MS is genetic
susceptibility. The International Multiple Sclerosis Genetics Consortium showed that
alleles of interleukin-2 receptor a gene (IL2RA) and the interleukin-7 receptor a gene
(IL7RA) were strongly associated with Multiple Sclerosis (9). In 2017, Yuan Zhou et
al., conducted a genome-wide association analysis (GWAS) to recognize genetic
factors that predict MS relapse risk (severity), using three unique longitudinal MS
cohorts. They discovered the interaction between relapse risk and the gene lipoprotein
receptor protein 2 (LRP2) (10). An animal study indicated that the neurons and
oligodendrocytes expressed LRP2. LRP2 manage brain development and axonal
guidance. LRP2 SNP rs12988804 is the first case of a genome-wide significant

association with severity in MS (11). Another investigation of genetic susceptibility



factors study with 182 children and 141 adult MS patients' groups showed that AHI1
(rs11154801) has two copies of MS risk allele and increases relapse rate among both
children and adults (12).

2.1.2 Epigenetics Effects

The epidemiological studies considered that epigenetic modifications like DNA
methylation, histone modifications, and miRNA expression profile play a crucial role
in the development of MS disease. Epigenetic mechanisms regulate the transcription
of most MS-associated genes and perpetuation in CNS cells and immune cells (13).
In 2014, using Hlumina 450K methylation arrays, Graves et al. examined a genome-
wide DNA methylation analysis of CD4+ T cells in 30 RRMS patients and 28 healthy
groups. The study found 74 significantly different methylated CpG sites in this cohort
and the significant effects of CpG in the human leukocyte antigen (HLA)-DRB1 region
(14). Another study observed a shift toward histone acetylation in the white matter of
the frontal lobes of aged subjects and chronic MS patients. Additionally, the high level
of histone acetylation was correlated with disease duration (15). A study by Aung et
al. demonstrated that while protein expressions level of MMP-9 were increased in B
cells during a 21 RRMS patients’ relapse, microRNA-320/320a expression was
decreased. Moreover, MMP-9 protein expression and secretion of MMP-9 were
inhibited by microRNA-320a (16).



Figure 2.2. Overview risk factor for Multiple Sclerosis (Aslani et al., 2017)

2.1.3 Environmental Effects

Multiple Sclerosis has involved not only genetics but also lifestyle and
environmental factors that may contribute to the risk of disease. These factors are
Epstein—Barr virus (EBV) infection, smoking, low vitamin D, or lack of sun exposure,
obesity and, gut microbiota (17). In a study, 192 MS patients and 384 health controls'
cotinine levels were measured using immunoassay. They showed that A significantly
increased risk of Multiple Sclerosis was associated with elevated cotinine levels
(average ten ng / ml) (18). On the other hand, one of the most significant candidate
viruses is Epstein-Barr virus (EBV) increases the risk of MS. In a genome-wide
association study (GWAS) of anti-EBV nuclear antigen-1 (EBNA-1) 1gG titers in 3599
individuals demonstrated that the genetic risk of high anti-EBNA1 titers was positively

correlated with the development of MS (19).

The other most significant environmental effects for MS disease is gut microbiota.
In a study of 31 MS patients and 36 healthy controls, researchers showed that the fecal

microbiome of MS patients had different microbial community profiles in contrast to



healthy control group microbiomes. While Pseudomonas, Mycoplasma, Haemophilus,
Blautia, and Dorea were increased in MS patients, the abundance
of Parabacterioides, Adlercreutsiza, and Prevotella genera were elevated in healthy
controls (6). Another study showed that the gastrointestinal and oral bacteria-derived
lipodipeptide, Lipid 654, the expression level was significantly lower in the serum of
17 MS patients. Produced from commensal bacteria, Lipid 654 functions as a human

and mouse Toll-like 2 ligand receptors (20).

2.2 Human Microbiome

The microbiome contains trillions of microorganisms, which are bacteria, fungi,
parasites, archaea, and viruses. These microorganisms inhabit different human body
parts, especially the gut, establishing the vast majority of the cells in the human body.
Therefore, the human body has the most considerable diversity and abundance of
microorganisms (21). Because microorganisms grow in distinct microenvironments, it
has been difficult to culture them in laboratory conditions. Metagenomics approaches,
where culture-independent sequencing is a stake, has provided insights into microbial
communities. Recent work from the National Institutes of Health (NIH) has started the
human microbiome project in 2017 to provide resources to scientists to gain taxonomic
and functional perspectives about the complexity of human microbial communities
and their potential roles in human health and diseases. The human microbiome project
revealed the presence of complex microbiota at various surfaces of the human body,

such as nasal passages, oral cavity, skin, gastrointestinal tract, and urogenital tract (22).

The composition of the human microbiome is special for each individual, and the
variations between individuals are greater than the usual biochemical variations that
occur over time within a person. Interaction of humans with the environment provides
the potential for different microbial taxa to either serve as an immune stimulant. It can

affect the microbiome through such as inflammation, fungi, and viruses that may
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colonize the human body (23). The microbial metabolome interactions with the
immune, endocrine, and nervous systems are associated with numerous diseases,
including inflammatory bowel disease, multiple sclerosis, diabetes (types 1 and 2),

allergies, asthma, autism, and cancer (24-26).

2.2.1 Gut-Brain axis and Microbiome

The brain communicates with the microbiota is bidirectional, by various
pathways: neurological through the VN and/or spinal cord, endocrine (through
hypothalamic pituitary adrenal, HPA, axis), immune (cytokines) and metabolic such
as short-chain fatty acids, (SCFASs), tryptophan, etc. Bacteria release neuroactive
compounds such as t-aminobutyric acid (GABA), serotonin, dopamine, acetylcholine
(ACh), and act locally on the enteric nervous system, namely the gut-brain (27,28). It
is well recognized that 90 % of the total body serotonin is synthesized in the intestine
and has a significant effect on the physiology of the gastrointestinal tract; it works as
a neurotransmitter. Our diet is important in this sense since this serotonin is produced
from tryptophan, an essential amino acid that is only obtained from food (29). L-
Glutamate (Glu) and aminobutyric acid (GABA) are known primarily for their role in
mammalian central nervous system (CNS ) as the main neurotransmitters with thrilling
and inhibitory roles (30). Glu can be synthesized by several bacteria such
as Corynebacterium glutamicum, Brevibacterium lactofermentum, Brevibacterium
flavum, Lactobacillus Plantarum, Lactobacillus paracasei, and Lactococcus (31,32).
Multiple forms of Glu receptors have been found in the stomach, small intestine, and
gastrointestinal epithelial (GI) cells and/or enteric neurons. And mGlu4 receptors were
detected in both the gastric antrum and duodenum mucosa, while mGlu4 and mGlu7
receptors were identified in the epithelium of the colon. High levels of mGlu7 and
mGIu8 were detected in myenteric neurons, where they may be involved in gut motility

regulation (33).
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Moreover, Marine microorganisms, E. coli, Pseudomonas, several LAB (e.g.,
strains  belonging to Lactobacillus, Lactococcus, and Streptococcus genera)
and Bifidobacterium strains are able to produce GABA (34,35). The
GABAB receptors are expressed widely in Gl tractors. GABA and its ionotropic and
metabotropic receptors are widely distributed throughout the enteric nervous system
(ENS) from the abdomen to ileum, in both submucosal and myenteric neurons. 5-HT
released by endothelial cells in the small intestine of the guinea pigs is modulated by
GABAA and GABAB receptors. GABAB receptors have been reported to be involved
in modulating vagal and spinal sensitivity (33). Besides, microbial metabolites such as
propionic acid, butyric acid, and acetic acid can induce neuromodulatory substances
to be secreted by epithelial enterochromaffin cells, neurons, or immune cells. For
example, butyric acid has anti-inflammatory and neuroprotective properties through

histone deacetylases inhibition (36).

2.2.2 Disease and Microbiome Alteration

The gut microbiota's impact on human health is continuous from birth to old age.
The microbiome is composed of microbes, which can be both beneficial and
potentially harmful. Most are symbiotic, and some are pathogenic, which promote
illness in smaller numbers. In a healthy human, there is a balance between pathogenic
and symbiotic microbiota without any problem. However, due to the usage or exposure
to antibiotics, specific diets, or irregular sleeping habits and food evolution may cause
adisturbance in that balance, which causes dysbiosis. Appropriately, the diverges from
healthy microbiome has been related to many diseases and disorders, such as metabolic

disorders, neurodegenerative, and immune-related diseases (37-40).
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2.2.2.1 Metabolic Disorder

Microbiome researchers have already described interactions in various human
metabolic diseases. In a study of 20 obese subjects, nine patients with anorexia
nervosa versus 20 normal-weight healthy controls, while Bacteroidetes community
was reduced in obese patients, the abundance of Lactobacillus species was increased
in obese patients than in lean controls or anorexic patients (38). Animal studies showed
possible causal function for intestinal microbiota in non-alcoholic fatty liver disease
(NAFLD). In a study, when scientist compared to 43 NAFLD patient with 83 healthy
controls, they observed that NAFLD patient has lower diversity richness and different

a phylum-level in their fecal microbiome contrast to controls groups (41).

2.2.2.2 Immune Related Disorder

As mentioned above, the intestinal tract of mammals contains trillions of bacteria
co-evolved with the host in a symbiotic relationship. The symbiotic bacteria provide
the host with many functions that promote immune homeostasis, immune responses,
and pathogen colonization defense. Moreover, throughout the presence of gut
microbiota, pathogens have developed strategies to facilitate replication. Pathogen
infection encourages overgrowth of harmful pathobionts and inflammatory disease
development (42). A study about the impact of the microbiota on the human immune
system shows that polysaccharide A (PSA) producing organisms have protective
associations with inflammatory conditions. As an example, the human symbiont
Bacteroides fragilis has been shown to correct systemic T-cell deficiencies, T-helper

cell imbalances, and direct lymphoid organogenesis in germ-free mice (39).
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The most abundant resident immune cells in the brain are microglia. Microglia
execute canonical functions of myeloid cells such as phagocytosis, antigen
presentation, cytokine production, and inflammatory response activation. Microbiota
affects the maturation and function of microglia. Erny D. et al. exhibit that mice reared
in the absence of microbial colonization (germ-free, GF) have microglia with irregular
morphology, altered gene expression, and impaired functional response to stimulation

compared to conventionally colonized (specific pathogen-free, SPF) controls (43).

2.2.2.3 Neurogenerative Disease

Human gut microbiome influences Central Nerves System (CNS) through
signaling pathways. It can trigger some diseases including dementia, Huntington's
disease and Alzheimer's disease (AD), Parkinson's disease (PD), non-immune-
mediated diseases including autism, depression, anxiety and stress, and an immune-
mediated disease which is Multiple Sclerosis (MS) (40). Neuroinflammation is one of
the primary mechanisms that link the microbiota to age-related diseases. The gut
microbiota plays a crucial role in microglia activation, and it has been suggested that
the gut microbiome manipulation, specifically with bacteria producing short-chain

fatty acid (SCFA), may modulate neuroimmune activation (44).

In similar finding as previous study of 25 AD patients and 94 healthy controls,
researchers showed that the fecal microbiome of AD patients had different microbial
community profiles in contrast to healthy control. While Firmicutes and
Bifidobacterium were decreased in AD patients' groups, Bacteroidetes were increased
in the microbiome of AD participants (45). Another acute, chronic CNS demyelinating
disease is MS intermediated by an auto-reactive immune attack against central neural
tissues. In a study including 31 MS patients and 36 healthy controls, researchers
showed that the fecal microbiome of MS patients had different microbial community

profiles compared to healthy control group microbiomes. While Pseudomonas,

13



Mycoplasma, Haemophilus, Blautia, and Dorea were increased in MS patients, the
abundance of Parabacterioides, Adlercreutsiza, and Prevotella genera were elevated

in healthy controls (6).

2.3 Bacterial Diversity and Taxonomic Classification

2.3.1 Metabolic Diversity of Microorganisms

A healthy human gut microbiota covers a wide range of representatives of
bacterial species, both phylogenetically and metabolically diverse. These

representatives play a crucial role in carbon, nitrate, lipids, and energy metabolism.

2.3.1.1 Carbon Metabolism

At any given time, there are many different forms of carbohydrates present in the
large intestine, with the concentrations of each substrate continually changing as they
are broken down, replenished, or replaced. Catabolite control mechanisms, containing
catabolite suppression, catabolite inhibition, and inducer exclusion, regulate the
carbohydrate transport in many prokaryotes. The intestinal bacteria produce the
primary short-chain fatty acid (SCFA) during the breakdown of carbohydrates,

including butyrate, acetate, ethanol, lactate, succinate, and propionate (46).

Recent studies show that lower abundances level of butyrate-producing
bacteria Bifidobacterium species in the human colon has belonged to antibiotic-
associated diarrhea, IBS, IBD, obesity, allergies, and regressive autism (47). Qiu et

al. showed that the butyrate producer F. Prausnitzii produces anti-inflammatory
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peptides that block the activation of the NF-nB nuclear factor and cytokine
development IL-8 in mice and provide protection against chemical colitis
(48). Veillonella makes use of lactate as its sole source of carbon. Veillonella
atypica enhances run time through its metabolic conversion from exercise-induced
lactate to propionate, thereby recognizing a normal, microbiome-encoded enzymatic

mechanism that enhances athletic efficiency (49)

2.3.1.2 Nitrate Metabolism

Recent findings into the inorganic bioactivation and signaling actions, dietary
nitrate and nitrite presently advise a crucial role for the microbiome in the development
of some disease. Research in the 1970s demonstrated that commensal bacteria could
be involved in the pathogenesis of gastric cancers and other malignancies by reducing
nitrate to nitrite since nitrite can enhance the carcinogenic N-nitrosamines generation.
On the other hand, other studies suggested that Nitrate-to-nitrite bacterial metabolism
and the subsequent production of biologically active nitrogen oxides can be beneficial
(50). The nitrate bioactivation from dietary or endogenous sources such as oxidation
of NO needs its initial nitrite reduction, and since mammals have no specific and
effective nitrate reductase enzymes, this transformation is done mainly by commensal
bacteria (51). Granulicatella adiacens, Haemophilus parainfluenzae, Actinomyces
odontolyticus, Actinomyces viscosus, Actinomyces oris, Neisseria flavescens,
Neisseria mucosa, Neisseria sicca, Neisseria subflava, Prevotella melaninogenica,
Prevotella salivae, Veillonella dispar, Veillonella parvula, and Veillonella atypica are
most known nitrate-reducing bacteria in the oral cavity by identified through 16S

rRNA gene pyrosequencing and analysis (52).

Studies showed that nitrite produced from the reduction of bacterial nitrate is a
significant NO storage pool in blood and tissues where NOS-mediated development is

insufficient so, dietary nitrite and nitrate might protect the heart from heart attack
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injury (53,54). A study from 1991s showed that gastric nitrogen oxides other than N-
nitrosamines protect the gastric mucosa and inhibit Helicobacter pylori growth as a

causative factor in the development of gastric cancer in humans (55).

2.3.1.3 Lipid Metabolism

The blood lipid levels monitoring is frequently used in the clinic to assess disease
risk and prevent the development of the disease. In a study of 145 European women
with normal, impaired, or diabetic glucose control, scientists analyzed that there is a
negative correlation between Clostridium and serum triglyceride levels and a positive
correlation between high-density lipoprotein (HDL) and Clostridium species (56). A
study by Le Chatelier et al. demonstrated that 169 obese Danish individuals had lower
bacterial richness characterized by a higher level of insulin resistance, triglycerides,
free fatty acids, and overall adiposity, whereas had a lower level of HDL- cholesterol
and inflammatory phenotype than 123 nonobese Danish groups (57). Gut microbes
also affect host physiology by modifying host-synthesized bile acids (BAs). BAs
function as hormones by their ability to activate hormone receptors and G-coupled
protein receptors. They modulate homeostasis of glucose, lipid metabolism, energy
expenditure, and motility of the intestines (58). Type 2 diabetes (T2D) subjects have
altered the BA profiles in circulation. Treatment of T2D subjects with compounds that
enhance Bas fecal excretion and change composition of BA improves their glycemic
status (59).

2.3.1.4 Energy Metabolism

The gut microbiota evolved as an environmental factor that modulates the energy
balance of the host. It enhances the host's capacity to extract energy from the digested
food and generates metabolites and microbial products, including short-chain fatty

acids, secondary bile acids, and lipopolysaccharides. These metabolites and microbial
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products serve as signaling molecules that regulate appetite, gut motility, storage, and
energy consumption (60). In a study, 29 overweight and 41obese pregnant women
fecal microbiota profiles revealed that the levels of metabolic hormones and
microbiome profiles differentiated between overweight and obese women. The rates
of adipokine which is fasting metabolic hormone were closely associated with
Ruminococcaceae and Lachnospiraceae, which are dominant energy metabolism
families. Insulin related positively to the Collinsella genus. The gastrointestinal
polypeptide was significantly associated with the Coprococcus genus but adverse to

the Ruminococcaceae family (61).

2.3.2 Bacterial Taxonomic Classifications

Advances in high-throughput DNA sequencing and analyzes of bioinformatics
have illustrated the essential role of microbial communities in human populations and
planetary health and facilitate massive microbiome meta-analysis (62,63). There are
two main approaches to microbiome analysis, 16S ribosomal RNA (rRNA) gene
amplicons, and shotgun metagenomics, which are illustrated by library analyses
designed to highlight their strengths and weaknesses. Classification of short marker-
gene DNA sequences such as bacterial 16S rRNA genes to infer taxonomic
composition is crucial in characterizing microbial communities (64). 16S rRNA
regions are approximately 1600 base pairs long, and they are the most significant factor
for the identification of community composition. There are three main reasons why
scientist prefers 16s rRNA to the classification of bacteria. Firstly, Its existence in
almost all bacteria, often as a multigene family, or operons. Secondly, the 16S rRNA
gene function has not changed over time, indicating that random sequence changes are
a more reliable time measure. Lastly, the 16S rRNA gene is big enough for use in
computer science (65). Although the sequencing cost of extended read length is pricy,
it can span multiple hypervariable regions of the 16S rRNA gene, which then can
classify at a species level. The short-read sequencing platforms have many PCR
primers to amplify 16S rRNA regions of different hypervariable regions for

sequencing (66). 16S rRNA full-length gene sequences consist of nine hypervariable
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regions divided by nine strongly conserved regions. These are V1, V2, V3, V4, V5,
V6, V7, V8, and V9. The 16S rRNA gene's methods depend on polymerase chain
reaction (PCR) using universal primers aimed at preserved regions to amplify as wide

as possible many different microorganisms (67).

Vi V2 V3 v4 V5 V6 V7 V8

\]

Length in bp

Figure 2.3 Approximately 1.5 kb 16S rRNA E. coli gene that displays the nine
variable regions

(Hum Mol Genet, Volume 22, Issue)Rl, 15 October 2013, Pages R88-R94,
https://doi.org/10.1093/hmg/ddt398

Typically, the procedure for 16S analysis involves consistency filtration, error
correction, elimination of chimeric sequences, clustering of reads into 'Operational
Taxonomic Units' (OTUs) based on sequence similarity and classification of OTUs. A
popular first step is to run a variety of quality control computational tools which
identify and remove sequences and contaminants of low quality such as FastQC,
Cutadapt, BBDuk and Trimmomatic. PCR-amplified 16S sequences were clustered
based on similarity to the generation of operation taxonomic units (OTUs) and
representative OTU sequences compared with the reference databases to indicate
likely taxonomy. When using partial 16S rRNA gene sequences, a rate of 97 percent
sequence identity is frequently selected as representative of a species and 95% for a
genus (68). Identification accuracy relies on the selected reference database, such as
The Ribosomal Database Project, GreenGenes, and SILVA (69). Genome sequencing
is one of the most powerful tools available in microorganisms to access genetic and
metabolic diversity. The sequencing stage produces millions of sequences. Such
sequences, known as 'reads,’ can be considered to reflect the compositional properties
of the genomes of their source. Analyzing these readings can thus provide insights into

the composition of various microbes that constitute a microbiome. As of July 2013,
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the microbial genome site of the National Center for Biotechnology Information
(NCBI) listed 2552 whole genomes. It is now possible to map all the genes which
characterize a particular group of organisms by sequencing a wide range of isolates

from various sources (70).

2.3.2.1 K-mer Based Classification

With 16S sequences, the most common pattern recognition methods are those
focused on counting k-mers, i.e., overlapping ‘words' of length K in the sequences. The
ribosomal database project (RDP) classifier is based on the naive Bayes principle and
a word-length of K=8 and is now near-standard in 16S based classification. The RDP
classifier uses the K-mer count in one of several different ways (71). The methods of
K-mer are fast and will not suffer from the same uncertainties as evolutionary models
and alignment procedures. This method of translating sequences into numerical data
is not as intuitive as evolutionary models and lacks the clear definition of evolutionary
distances, but in their process, they are rather objective. The word k-mer applies to all
subsequences of length k, so that the AGAT series will have four monomers (A, G, A,
and T), three 2-mers (AG, GA, AT), two 3-mers (AGA and GAT) and one 4-mer
(AGAT), respectively. (72). There are several metagenomics tools for classification of
metagenome datasets such as CompostBin (k = 6), PCAHIER, PhyloPythia (5 <k <
6), CLARK (k >20), TACOA (2 <k < 6) and KRAKEN2 (73-78). KRAKEN was the
first way to easily classify all reads in a metagenomic sample. KRAKEN creates a
database that stores the species identifier for that k-mer, with each k-mer in each
genome. Database k-mers and their taxa are stored in a compressed lookup table,
which can be quickly searched for exact matches to k-mers found in the metagenomics
dataset reads. Its default parameter is k=31, but the database can be constructed with
any length k-mer. The k selection represents a significant trade-off between sensitivity
and specificity: excessively long k-mers can fail to match due to sequencing errors or
genuine differences between species and strains, whereas excessively short k-mers

give many genomes a false match (79).
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2.3.2.2 Alignment Based Classification

Metagenomic classification tools align sequences against a microbial genomes
database to classify the taxon of each gene. rRNA gene sequences have been the most
commonly utilized marker sequences; this contained the 16S rRNA gene for bacteria,
the 18S rRNA gene for eukaryotes, and the internal transcribed spacer (ITS) regions
of the fungal ribosome for fungi. Sequenced genomes have been used as references in
metagenome studies with known taxonomies for reading recruitment. These markers
perform well for phylogenetic profiling as they are ubiquitously found in the
population, they have hypervariable regions that differentiate organisms and they are

flanked by preserved regions that can be targeted by 'universal' primers (80).

Alignment and mapping methods are widely used in the alignment-based
approaches to locate similarity hits from the query read to the references. For example,
BLAST, BLAT, and BWA are the most common tools for alignment (81). BLAST
(basic local alignment search tool) is an algorithm and software in order to compare
each read with all sequences, such as protein amino acid sequences or DNA and RNA
nucleotide sequences with a library or sequence database and identifying library
sequences that resemble query sequences above a given threshold. Summarily, by
finding short matches between the two sequences, BLAST identifies similar sequences
(82).

2.4 Machine Learning Algorithms

Metagenomics recognizes the need to develop computational methods that make
it possible to understand the genetic composition and activities of species communities
so complex that they can only be sampled, never wholly characterized. Machine

learning currently provides some of the most promising methods for creating
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predictive models for biological data classification (83). This algorithm is said to 'learn’
if experience increases its efficiency for a particular job. Initially the model suits on a
training dataset, which is a collection of examples used to match the model's
parameters such as weights of neuronal connections in artificial neural networks. The
model is trained on the training dataset using a supervised method of learning, for
example using methods of optimization such as gradient descent or stochastic gradient
descent. Throughout the practice, the training data set always consists of input vector
pairs and the corresponding output vector, in which the response key is usually referred
to as the target. The model parameters are adjusted based on the result of the

comparison and the particular learning algorithm used (84-86).

2.4.1 Decision Tree

Decision Tree is a type of supervised learning algorithm and is one of the most
popular algorithms of machine learning used in both classification and regression
problems. It is a decision support tool that uses a tree-like diagram or decision model
and its possible consequences, such as the results of chance events, resource costs and
utility. The decision tree defines the most significant attribute and its importance,
which gives best homogeneous population sets (87). Decision trees can use many
measurements to determine to split a node into two or more subnodes. Selection of the
algorithms is also based on goal form variables. The four measurements most widely
used in the decision-tree are. These are Gini index, Gain information, Chi-Square and
Reduction in Variance. The Gini Index is calculated by subtracting from one the sum
of each class's squared probabilities. It favors partitions larger than this. Information
Gain multiplies the probability of class times the probability of the log (base=2) of that
class. Information Gain favors smaller partitions that have a lot of different values. In

the end, you have to experiment with your data and the criterion for splitting (88).
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2.4.2 Random Forest

Random Forest is an ensemble learning algorithm and can be used in both
classification and regression problems such as decision tree. RFs creates a large
number of decision trees at the time of training and generates the class mode of the
individual trees classes. (88). This subsetting and subsampling scheme is based on
bagging (89). When a prediction is made later, the estimates in these decision trees are
averaged. It is widely used in many domains and on many tasks successfully.
Although, they have generally better performance than a decision tree, they are less
interpretable (90). The method uses quantitative microbiome profiles including
relative abundances at the species level, and the presence of strain-specific markers as
tools. The structure is completely auto, such as selection of model and feature allowing
for a systematic and non-overfit analysis of large metagenomic datasets. Cross-
validation produced high disease prediction capabilities which were generally
enhanced by the selection of features and the use of strain-specific markers instead of

taxonomic abundance at the species level (91).
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3. MATERIALS AND METHODS

3.1 Metagenomic Datasets

In this study, we have used two different SRA datasets. In the first dataset, samples
of 16S rRNA V4 region sequences were collected from mainly human stool
(RRMS=29, Healthy=42), which were produced by Illumina MiSeq with 150-bp
paired-end (PE) reads submitted by Brigham and Women’s Hospital. For the second
dataset, samples of VV3-V5 regions of the 16S rRNA stool sequences were obtained
from human stool (RRMS=31, Healthy=36), which were sequenced by Illumina HiSeq
2000 and submitted by Mayo Clinic. They were downloaded from the Sequence Read
Archive (SRA) of the National Center for Biotechnology Information (NCBI) with
accession no PRINA321051 and PRINA335855. Raw reads were processed using the
BBMAP tools software package (v.38.61), which performed quality filtering and

adapter trimming.

3.2 Taxonomic Analyses and Cluster Quality

Operational taxonomic unit (OTU) tables were constructed with KRAKEN2
software (v.2.0.8) with RefSeq (bacteria) database as of December 2019 at the 99%
identity level (0.01 confidence). The taxonomic assignment of the sequences also was
performed by using BLAST-N (v.2.10, dbV5) against the NCBI NT database with a
cut-off 90% identity. KRONA (v.2.7.1) was used to visualization and complex

hierarchies of metagenomic classifications.
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3.3 Predictive Modeling using Random Forests

We have used Random Forests (RF) to predict the disease status based on the
microbiota profile (genus-level relative abundance data) using default parameters of
the R implementation of the algorithm (R package “randomForest”). Bootstrapping (n
= 500) was used to assess classification accuracy. The classification performance was
compared to random guess, where the class label of a test sample was predicted to be
the label of the majority class in the training set, and the significance of difference was
assessed by an Independent student t-test. Decision Tree was used to predict to make
accurate predictions disease based on the genus and species level microbiota profile
using default parameters of the R implementation of the algorithm (R package “rpart”).
All the statistical analyses were performed in R-3.0.2 (R Development Core Teams).
Decision tree models are used to solve classification problems as their goal is to train

a decision tree on existing data and use it to classify new data.

In this thesis, workflows have prepared where the data split it into a training and
a test set. The data set has numerical columns representing the measures of bacterial
concentrations and one nominal column: class (MS or Healthy). The goal is to train a
decision tree to classify whether a class is MS or Healthy. The Decision tree algorithm
performs a split on the best input feature in each iteration, and in our case, it is the
bacterial concentrations. The thesis’s quality measure for choosing the most
informative feature in gain ratio. A split on a numeric attribute is always a binary split,
which partitions the dataset into two subsets. The Caret library for the decision tree
has enough parameters for selecting an attribute from a very important or a very
reliable analysis. As we have a large variety of elements in microbiome analysis, we
have less risk of not learning enough than the risk of overfitting. So, the minimum split
sizes should be determined concerning the number of taxonomic units existed in OTU
tables. If we have a full tree with many nodes splitting just a few records, the risk of
over-fitting is quite high. The number of records per node is indeed a stopping criterion

for the caret algorithm. As soon as the number of records in a node is smaller than the
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predefined number, the algorithm prevents further splitting on this branch. So
basically, the number of the elements in each OTU table is carefully inspected for
analysis. If the number of taxonomic units and person to person variations are high,
in order to get a higher accurate and reliable decision tree using a higher taxonomic

clade would be a good option.

3.4 Functional characterization

The Human Microbiome Project datasets which consist of human microbiome
bacterial genomes have been analyzed. GLIMMER was then used to extract protein
from these data sets of bacteria, and it was purified according to the first data analysis
of the bacteria. Bacterial protein data is standardized based on abundance of bacteria
following filtration. GoastKoala was used to predict the abundance of functional
categories such as clusters of the Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways based on the 16S rRNA sequence data. 291 KEGG pathways were compared
and 39 differentially abundant KEGG pathways were identified which show a diverse

change in the contrast between RRMS microbiota and healthy controls.
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4. RESULTS

4.1 Microbial Profiling of RRMS Changes at The Species Level

In the first study, 29 RRMS patients’ fecal sample V4 regions sequences were
analyzed using KRAKEN2 and BLAST-N. After removing adapter-leftover with
using BBMAP, these sequences were clustered into OTUs based on 99% sequence
similarity with KRAKEN2. 2184 OTUs were observed at the species level.
Bacteroides, Paraprevotella xylaniphila, Alkaliphilus metalliredigens, and
Caproiciproducens sp. NJN50 showed lower abundance, whereas Faecalitalea
cylindroides and Ruthenibacterium lactatiformans showed higher abundance in
RRMS patients compared to healthy controls. The obtained accuracy in this
classification was %71. We also perform BLAST-N to evaluate KRAKEN2 results. In
BLAST-N results with cut-off 90% identity indicated that Akkermansia muciniphila,
Eubacterium ventriosum, Clostridium celerecrescens, Granulicatella adiacens, and
Alicyclobacillus kakegawensis showed higher abundance in RRMS patients with at

least 64% accuracy.

In the second study, 31 RRMS patients’ fecal sample and 36 healthy controls V3-
V5 sequences adapters were trimmed with BBMAP and were Blasted with cut-off 90%
identity showed that Blautia wexlera is the most differently abundant species. Testing

datasets can be explained by 92% at least accuracy using decision tree algorithm.
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Figure 4.1. Gut microbiota of MS patients differs from control groups. Decision Tree
for first data in species-level at 71% accuracy with KRAKENZ result. C: Control,

MS: Multiple Sclerosis percentages in overall concentration.
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Figure 4.2. Gut microbiota of MS patients differs from control groups. Decision Tree

for first data in species-level at 64% accuracy with BLASTn result
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Figure 4.3. Decision Tree for second data in species-level at 71% accuracy with
KRAKEN?2 result. C: Control, MS: Multiple Sclerosis percentages in overall
concentration.
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Figure 4.4. Decision Tree for second data in species-level at 91.6% accuracy with
BLAST-N result. C: Control, MS: Multiple Sclerosis percentages in overall
concentration.
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4.2 Microbial Profiling of RRMS Changes at The Genus Level

In the first study, sequences were clustered into OTUs based on 99% sequence
similarity with KRAKEN2 at the genus level. Akkermansia, Anaerostipes,
Mogibacterium, and Streptococcus showed higher abundance, while Bacillus and
Anaerotignum showed lower abundance in RRMS patients. The obtained accuracy in

this classification was 65%.

In the second study, sequences also were clustered into OTUs based on 99%
sequence similarity with KRAKEN2 at the genus level. While Lysinibacillus and
Blautia have a higher abundance, Butyrivibrio is a lower abundance in RRMS patients
to compared controls. The testing accuracy was 88%. In BLAST-N results with cut-
off, 90% identity indicated that Blautia, Dethiosulfovibrio, and Enterobacter
increased, whereas Slackia decreased in RRMS patients. Therefore, these data show
that RRMS patients’ gut microbiome represented differential abundance compared to

control groups.
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Figure 4.5. Decision Tree for first data in genus-level at 65% accuracy with
KRAKEN2 result. C: Control, MS: Multiple Sclerosis percentages in overall
concentration.
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Figure 4.6. Decision Tree for first data in genus-level at 48% accuracy with BLASTn
result. C: Control, MS: Multiple Sclerosis percentages in overall concentration.
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Figure 4.7. Decision Tree for second data in genus-level at 88% accuracy with
KRAKEN2 result. C: Control, MS: Multiple Sclerosis percentages in overall
concentration.
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Figure 4.8. Decision Tree for second data in genus-level at 64% accuracy with
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4.3 Random Forest

We also assessed the predictive power of the gut microbiota using Random Forest
that predicts disease status based on an ensemble of decision trees. The relative
importance of each genus and species in the predictive model was assessed using mean
decreasing accuracy and Gini coefficient. In the first study, we just analyze at the genus
level because, in species, we cannot predict with only the V4 region. Akkermansia,
Bacillus, Monoglubus, Nonomuraea, Candidatus Solibacter, Faecalitalea,
Parabacteroides, Limnochorda, Hungetalla, Butyricimonas, and Slackia were
frequently important genus for a predictive model for KRAKEN2 results at 60%

accuracy.

For the second study, Lysinibacillus, Oblitimonas, Enterococcus,
Parabacteroides, Adlercreutzia, Gordonibacter, Anaerostipes, Lachnoclostridium,
Ruthenibacterium, Lactobacillus, and Blautia were frequently crucial for predictive
for disease model at genus level in KRAKEN?2 results with at least 92% accuracy.
Moreover, these sequences were taken from V3-V5 regions, so we perform random
forest for both species and genus level for BLAST-N results. Blautia, Pedobacter,
Bacteroides, Tidjanibacter, Kineothrix, Robinsoniella, Flavobacterium, Anaerostipes,
and Gordonibacter were frequently important for a predictive model at the genus level.
The testing data accuracy was 75%. Furthermore, Blautia wexlerae, Eubacterium
saphenum, Pseudomonas migulae, Pseudomonas helleri, and Blautia luti were
frequently found significant for random forest results at the species level with at least

91% accuracy.
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Figure 4.9. Random Forest for first data in species-level at 60% accuracy with

KRAKEN2 result.
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Figure 4.10. Random Forest for second data in genus-level at 92% accuracy with

KRAKENZ2 result.
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Figure 4.11. Random Forest for second data in genus-level at 75% accuracy with

BLASTN result.
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4.5 Functional Analysis

For functional analysis, we have analyzed the Human Microbiome Project
datasets, which consist of bacterial genomes of the human microbiome. Then,
GLIMMER was used to find protein from these bacteria datasets, and it was filtered
according to our first study of bacteria data. After filtration, bacterial protein data were
normalized based on bacterial abundance. We used GhostKoala to create KEGG
Orthology (KO) annotations to track the differential abundance of specific functional
categories across to our datasets. We compared 291 KEGG pathways and identified
39 differentially abundant KEGG pathways that show a diverse change in RRMS
microbiota contrast to healthy controls. The most KEGG pathways are Amyotrophic
lateral sclerosis, lipopolysaccharide biosynthesis (LPS), glutathione metabolism,

lipoarabinomannan, and mineral absorption.
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5. DISCUSSION and CONCLUSION

The metagenomic analysis allows scientists a deep understanding of the
uncultured microbial community. The human gut microbiota is one of the most studied
microbial communities in order to show interactions between host-commensal and
their roles in many diseases, including autoimmune disorder, metabolic diseases, and
neurodegenerative disease. For taxonomic analysis of microbiome, 16S rRNA
sequencing is the most common method. However, this method has many problems;
mainly the use of different techniques, low coverage of 16S rRNA regions, 16S primer
set biases towards certain species between primer manufacturers and unclassified
taxonomic reference datasets. Here, on behalf of showing alterations in the gut
microbiome of individuals belonging to Multiple sclerosis (MS) and healthy control
group, and also several biases in laboratory studies, we use two different microbiome
studies; a study using only sequences of V4 regions, and another study using sequences
of V3-V5 regions of 16S rRNA.

Our study demonstrates that the diversity of the fecal microbial community of
RRMS patients shows distinct contrasts when compared to healthy controls. The first
dataset, which contains sequences of V4 regions and analyzed in KRAKENZ2, reveals
the diversity at the species level with increases in Ruthenibacterium lactatiformans,
Faecalitalea cylindroides, and Rhodomicrobium vannielii, and decreases in
Bacteroides sp., Paraprevotella xylaniphila, Alkaliphilus metalliredigens, and
Caproiciproducens sp. NJN50 in RRMS patients compared to controls. These
sequences were also BLASTED with 90% identity cut-off against NCBI nucleotide
archive (NT) datasets. These results show that Akkermansia muciniphila, Eubacterium
ventriosum,  Clostridium  celerecrescens,  Granulicatella  adiacens, and
Alicyclobacillus kakegawensis species elevated abundances in RRMS patients. The
differences between the results of the two methods may be due to the use of different

reference databases.
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In this study, various bacteria were identified to play a role in Multiple sclerosis
and associated with autoimmunity defect, inflammation, and neurodegenerative
disorder. We have found a higher abundance of Rhodomicrobium vannielii. This
species oxidizes ferrous iron in the presence of light, can photo-catabolize aromatic
compounds, and grows on benzoate such as bog as sole carbon source (92). This
bacterium does not live in the human body, so there should be a problem with either
reference datasets used by KRAKENZ2, such that it should be a different species
belonging to Hyphomicrobiaceae family.

Another most abundant species is Ruthenibacterium lactatiformans. It is a
member of the family Ruminococcaceae and known for producing lactate (93). In a
study conducted by Ameroni et al. in 2014, lactate abundance was found 2.8 times
higher in MS patients than control groups, and its abundance was associated with the
disability (94). In a 2019 review, Ruthenibacterium lactatiformans and Paraprevotella
xylaniphila are rarely observed in human fecal microbiota. In the same review, it is
associated with increased efficacy of immune checkpoint inhibitor therapy (ICT) in
mice models with MC38 tumors (95). In our study, Paraprevotella xylaniphila, which
produces succinic and acetic acids as metabolic end product from peptone, yeast
extract, and glucose broth, was detected in low amounts (96). Succinic acid regulates
IL-1B expression, HIF-1a activity, and ROS production, so it has an essential effect
on major inflammatory pathways (97). Faecalitalea cylindroides, a lactic acid
producer found in mouse feces, is also one of the core species in the human gut
microbiome (98). Recent studies have shown that reduction in Bacteroides species was
observed at gut microbiota of patients with MS and IBD (99). Our BLAST-N results
show that Akkermansia muciniphila level is higher in MS patients. Other current
studies illustrated that the level of this species was increased in MS groups. It is known
that this species triggers proinflammatory responses in human peripheral blood

mononuclear cells and monocolonized mice (100).
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We also analyzed the first dataset at the genus level and found out that
Akkermansia, Anaerostipes, Mogibacterium, and Streptococcus species were
increased, while Bacillus and Anaerotignum were decreased in RRMS patient groups
compared to control members according to KRAKEN2 results. As mentioned above,
Akkermansia muciniphila has a relationship with Multiple sclerosis and degrades
mucin. In a study, it is showed that degradation of mucin by Akkermansia muciniphila
primarily assists the growth of Anaerostipes caccae and contributes butyrate
development through the acetyl-CoA pathway. Moreover, they indicated that
Anaerostipes caccae induced Akkermansia muciniphila by changing transcriptional
response with increased expression of genes involved in mucin degradation and
decreased ribosomal gene expression (101). Mogibacterium is mainly involved in oral
microbiota, and its abundance is proportional to endodontic infections (102). Another
study showed that the Mogibacterium abundance level was reduced in piglets, which
were treated with beneficial prebiotic supplementation (103). Moreover, we have
found high levels of Streptococcus species in the MS group. A recent study showed
that when HIV-positive children were treated with cotrimoxazole, the abundance of
Streptococcus genus in their gut microbiome and systemic inflammatory markers were
both decreased (104). Our first data analysis result shows that Bacillus and
Anaerotignum abundance levels were also decreased in MS patients. Current review
articles mention that Bacillus strains produce antimicrobial peptides and small
extracellular effector molecules. These molecules may have biotherapeutic potential
in the food and pharmaceutical industry (105). In a study with metastatic melanoma
patients receiving immune checkpoint blockade (CICB), Bacteroides intestinalis and
Anaerotignum lactatifermentans presence demonstrated high or low immune-related

adverse events (106).

The second dataset constructed on VV3-V5 amplicon that has higher confidence in
species-level showed with an increased frequency of Blautia wexlera in RRMS

according to BLAST-N results. Moreover, Blautia wexlerae, Eubacterium saphenum,
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Pseudomonas migulae, Pseudomonas helleri, and Blautia luti were observed as
essential features for random forest results at the species level. Most of the studies
exhibited increased Blautia and Pseudomonas abundances in Multiple sclerosis
patients (107). Moreover, Lysinibacillus abundance was higher in RRMS patients
compared to control groups in the secondary data. One study pointed out that
Lysinibacillus caused bacteremia in an immunocompetent patient with no implanted
prosthesis or intravascular catheters (108). And it is known that active or relapsing-
remitting Multiple sclerosis lesion has tight junction abnormalities, which may be
associated with inflammation and contribute to bacteremia (109). Another finding of
our study is that the abundance of Butyrivibrio, which produces naturally conjugated
linoleic acid (CLA) through the fermentation of unsaturated fatty acids in the lumen,
was decreased in MS patients (110). In a study of CLA supplemented fifteen MS
patients, CLA supplementation reduced inflammation in Central Nervous System
(CNS) as well as increased T cell frequencies and affected activity of a myeloid cell
(111). Moreover, Dethiosulfovibrio abundance was shown high in MS groups, whereas
another study showed increased levels of this genus in rats with vitamin D deficiency
(112). A recent study indicated that higher vitamin D levels reduced Multiple sclerosis
symptoms (112). Likewise, Enterobacter levels were increased in the patient group in
the second data results. Enterobacteriaceae showed higher endotoxin levels due to its

lipopolysaccharides (LPS), which is inducing and worsening the inflammation (113).

In our study, Parabacteroides was determined as a significant feature to
distinguish MS patients. Recent studies show that Parabacteroides relieve obesity and
metabolic disorder by producing succinate and bile acid in the mouse gut microbiome
(114). Moreover, Parabacteroides have shown lower abundance in the gut microbiome
of Multiple sclerosis patients. This genus promotes anti-inflammatory IL-10—
expressing human CD4+CD25+ T cells and IL-10+FoxP3+ regulatory T cell (Tregs)
in mice (100). In contrast, another study demonstrated that Parabacteroides species
produced antagonistic substances in the human gut, and this production may be used

against microorganisms in the gut, such as gram-positive bacteria (115). Recent studies
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displayed that Prevotella, Parabacteroides, Adlercreutzia, Slackia, and Lactobacillus,
whose members can metabolize phytoestrogen compounds into beneficial metabolites
were found in reduced levels in MS patients (116). Adlercreutzia equolifaciens and
Slackia produce equol, a nonsteroidal estrogen in the human gut (117,118).
Furthermore, the main milk fermenter Lactobacillus can activate anti-inflammatory
effects on immune cells by bioconversion of phytoestrogen compounds (119). There
is a study about Quercetin, which is a flavonoid phytoestrogen, and its treatment
enhances mice with Experimental allergic encephalomyelitis (EAE) by inhibiting IL-

12 production and activating T cells (120).

Our findings also show that these bacteria are distinguishing features for Multiple
sclerosis data, which also supports the claim that phytoestrogens and their metabolites
may induce its anti-inflammatory effects in patients with autoimmune diseases such as
Multiple sclerosis. Moreover, we also determined the most critical KEGG pathways,
including Amyotrophic lateral sclerosis, lipopolysaccharide biosynthesis, glutathione
metabolism, lipoarabinomannan, and mineral absorption. In a previous study,
homeostasis of Glutathione (GSH), the major antioxidant in the brain, is changed in
MS patients (121). Werner et al. showed that glutaminase, which converts glutamine
to glutamate, was expressed in high amounts. This production may govern the
degeneration of axons and death of oligodendrocyte in mouse with MS (122). And
also, the lipid A structure of LPS was associated with immune recognition of signaling
through and the Toll-like receptor 4 (TLR4) complex activation (123). Our approach
is empirical, not experimental, because it based on the abundances of bacteria instead
of protein expression levels. This analysis should also be further supported by meta-

transcriptome analysis.

In this thesis, there are some limitations including primer biases and taxonomic

coverage of different 16S subregions, geographical location, incorrect or unclassified
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taxonomic reference sequences, run costs of whole-genome sequencing approach, and
sequencing techniques may because of different results in many microbiome studies.
One of the main disadvantages is size of 16S rRNA regions. 16S rRNA regions are
approximately 1600 base pairs long, and they are the most significant factor for the
identification of community composition. Although the sequencing cost of extended
read length is pricy, it can span multiple hypervariable regions of the 16S rRNA gene,
which then can be taxonomically classified at a species level. The short-read
sequencing platforms have a large amount of PCR primers to amplify 16S rRNA
regions of different hypervariable regions for sequencing (124). The microbiome
sampling location is also affecting library preparation. In order to observe better
taxonomic profiles, researchers might require different regions of 16S amplicons for
library preparations concerning the sampling regions of the body. Researchers of Yu.
S. Bukin et al. compared VV2-V3 and VV3-V4 amplicons, where the V2-V3 regions have
higher resolution at the genus and species level than the VV3-V4 region. Another
problem is DNA contamination from DNA extraction kits and other laboratory
reagents affects PCR-based amplicons and shotgun metagenomics sequencing results
(125). Other important problem for metagenomic analysis is 16S rRNA gene database
constraints. These databases contain 1.8 million bacteria and archaea at different
taxonomic levels, and they also include incomplete information for some sequences,
especially at lower taxonomic levels such as species. The bioinformatics tools
generally use operational taxonomic units (OTUSs) to cluster sequencing reads KOO for
the genus level (126). The most popular and faster taxonomic annotation programs are
based on k-mer, map, and BLAST. They all have some weaknesses and strengths while
constructing OTU tables. Here is a handful of examples of observed taxonomic
analysis problems; both the complete 16S sequence identity and shorter fragments of
16S regions might not be sufficient enough to have higher confidence. For example,
the complete 16S sequence identity between E. coli (NR_024570.1) and Shigella
flexneri (NR_026331.1) is 99,24%. The observed identity reaches 99,76 % whenever
the amplicon region is V3-V4. Through the evolution, microorganisms have entropic
adaptations where they have gained multiple copies of transcriptional and translational
machinery elements to have improved adaptation for environmental changes. The

current bacterial database shows us that more than 86% of the bacteria have multiple
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copies of 16S regions. Not only are amplicons showing biased distributions, but also
multiple copies bearing few SNPs on them make indistinguishable OTUs. While
Shigella Flexneri (MN960402.1), Citrobacter freundii (MH169223), Shigella sonnei
(CP045524.1) and Salmonella sp S13 (CP047094.1) are sharing 99.76 percent
similarity, the Escherichia coli (NR_114042.1) and Escherichia marmotae
(NR_136472.1) are sharing 98.82 sequence similarity as in the case of the V3-V4
region. Observing higher identities in different genus levels and lesser identities in
species levels might neutralize the k-mer based taxonomy programs that can be of
great help. Although the mean Illumina read quality scores are in between q28-g34 for
microbiome libraries, human gut microbiome studies as VV3-V4 region can complicate
researchers with PCR bias derived from primer sensitivity even with an unbiased DNA

isolation.

MS researchers will be investigating disease management with enhanced
therapeutics with ample help from microbiome modulation, using current analysis.
While our findings require further analysis of the wet lab, our current results will be
used for adjunctive therapies related to microbiome modulation and new project

proposals will be ignited.
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