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16S rRNA Gene-Based Characterization and Functional Profiling of the 

Microbiome in Young Adults 

 

Rita J. Makhlouf  

 
ABSTRACT  

 
 
 
 

The human gut microbiota is a diverse consortium of organisms inhabiting the gut 

and playing an essential role in individual health. Analyzing the gut microbial 

composition of healthy individuals is crucial to set up a baseline for recognizing 

microbial dysbiosis in the case of a disorder. We aimed to characterize the 

microbiome of healthy young Lebanese adults through 16S rRNA gene sequencing 

and analysis. Forty-eight fecal samples were collected from donors in the age range 

of 18-25. Results obtained revealed that the dominant phyla were Firmicutes (F) and 

Bacteroidetes (B), followed by Proteobacteria and Tenericutes. The main common 

predicted metabolic functions were linked to carbohydrate metabolism and 

transporters. Significant segregation was observed between the microbiome of 

individuals with C-section versus vaginal delivery records. The microbiome, in the 

latter being less diverse. This study is the first of its type revealing the gut 

microbiome profile in young Lebanese adults. It showed a high interindividual 

variability despite the homogenous characteristics of the subjects. The mean F/B 

obtained was 1.84, falling between the mean European and the rural Africans. The 

high observed Firmicutes to Bacteroidetes ratio and the dominance 
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of Bacteroides over Prevotella are associated with a diet rich in fat and proteins. An 

increased Proteobacteria level was linked with gut dysbiosis and reported in Type 2 

diabetes, metabolic disorders, and Inflammatory Bowel Disease (IBD). This study's 

findings indicated the genetic heterogeneity of the donors and the diversity in 

Lebanese eating habits 

 

Keywords: Microbiome, 16S rRNA, Lebanon, QIIME2, Bacteroidetes, Firmicutes, 

Actinobacteria, Proteobacteria, BURRITO, C-section delivery.  
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Chapter One 

Introduction 

1.1. Background 

 The current estimated total number of cells constituting a human body is 30 

trillion (Sender et al., 2016). This number would be an underestimate if the 

perspective of what establishes a human organism was broadened. An estimated 

number of 100 trillion microorganisms inhabit the surfaces of the human body and 

live in communities on the skin and in the mucosal surfaces like the digestive tract 

and the vaginal epithelium (Gao et al., 2007; Hyman et al., 2005). Collectively, these 

microbes form the microbiota carrying a unique set of genes that outnumber the 

human genome by an estimated factor of 100 (Gilbert et al., 2018). 

The term “microbiome” refers to the collective genomes or genetic material 

belonging to the microorganisms found in a particular niche. Despite the general 

belief that this word was coined by Nobel laureate-microbiologist Joshua Lederberg 

in his 2001 article “Ome sweet omics: a genealogical treasury of words” (Lederberg 

& McCray, 2001), the definition of “microbiome” can be traced back to a 1988 

article by Whipps et al. “A convenient ecological framework in which to examine 

biocontrol systems is that of the microbiome. This may be defined as a characteristic 

microbial community occupying a reasonably well-defined habitat which has distinct 

physio-chemical properties. The term thus not only refers to the microorganism 

involved but also encompasses their theatre of activity.” (Whipps et al., 1988) 

The normal flora and its host share a symbiotic relationship and studies revealed the 

role of the microbiome in maintaining homeostasis by competing with and excluding 
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pathogens and aiding in the development and training of the immune system. Distinct 

metabolic and genetic properties could be attributed to the constituents of the 

microbiome. The microbiota provides vital metabolic traits that the human body did 

not have to evolve on its own, such as the ability to metabolize and absorb certain 

nutrients (Gill et al., 2006). Accordingly, the human body can be referred to as a 

‘supraorganism’, and the microbiota can be viewed as a neglected organ that could 

give great insight into our physiological and psychological health. 

Previously, it was revealed that although archaea (mainly Methanobrevibacter 

smithii) and eukaryotes are present in the gut flora, the overwhelming majority of the 

microorganisms contributing to host-symbionts interactions are bacterial. More than 

99% of the isolated genes from the human microbiome belong to 500 to 1150 

prevalent bacterial species showing significant genetic diversity (Norman et al., 

2014). The Human Microbiome Project (HMP) and the Metagenomics of the Human 

Intestinal Tract (MetaHIT) were among the largest projects pioneering the study of 

the human microbiota in an attempt to understand its genetic and metabolic role, and 

its contribution to normal physiology and disease predisposition in healthy 

individuals (The Human Microbiome Project Consortium, 2012;Ehrlich & MetaHIT 

Consortium, 2011). 

1.2. Distinct microbial communities in different body sites 

1.2.1. The skin microbiome. 

 The skin microbiota presents a high interpersonal diversity and lower 

temporal stability compared to the oral and gut microbiome (Costello et al., 2009). It 

comprises four dominant phyla Actinobacteria, Firmicutes, Bacteroidetes, and 

Proteobacteria, with Propionibacteria spp., Corynebacteria, Staphylococcus, and 

Streptococcus being the most conserved genera (Gao et al., 2007). The bacterial 
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community present on the skin shows a striking variability across different body sites 

depending on the different physical and topological properties of the skin (Grice & 

Segre, 2011). Sebaceous glands, for example, display the lowest interindividual 

diversity and greater temporal stability. Due to their anaerobic environment, they 

predominantly house facultative anaerobes such as Malassezia spp. and 

Propionibacterium acnes. P. acnes contribute to the acidification of the skin through 

the activity of several lipases that hydrolyze triglycerides present in the sebum to 

produce fatty acids (Roth & James, 1988). Other occluded areas of the skin, such as 

the axillary vault provide the humidity and high temperature that encourage the 

proliferation of various bacteria such as Staphylococcus aureus, Corynebacterium 

spp., and different Gram-negative bacteria. These areas possess higher bacterial 

density compared to more desiccated areas like the arms and legs (Roth & James, 

1988). 

The skin microbiome composition plays an important role in the regulation of the 

cutaneous immune system. Staphylococcus epidermidis for example colonizes the 

skin and produces phenol-soluble modulins inhibiting the growth of a group of 

Streptococcus pyogenes and S. aureus. Also, the lipoteichoic acid constituting the 

cell wall of S. epidermidis mediates inhibition of inflammatory cytokine release 

through the activation of Toll-like receptor 3 (TLR3) after injury (Lai et al., 2009). 

1.2.2. The vaginal microbiome. 

 Over 200 bacterial phylotypes compose the healthy vaginal microbiome 

(Hyman et al., 2005). The most widespread phyla include Firmicutes, Bacteroidetes, 

Actinobacteria, and Fusobacteria. Lactobacillus is the most abundant genus within 

the healthy vaginal microbiota with Bifidobacterium, Gardnerella, Prevotella, 

Pseudomonas, or Streptococcus being additionally present (Hyman et al., 2005). 
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Contrary to the gut microbiome, where a higher diversity, in general, is indicative of 

health, the vaginal microbiome is considered to be healthy when a minimal number 

of species are present, mainly Lactobacillus species (Ravel et al., 2010). Lactobacilli 

are capable of fermenting sugars to lactic acid, producing hydrogen peroxide, 

acidifying the vaginal milieu, and inhibiting the growth of uropathogens (Thomas, 

1928). 

The evolution of the vaginal ecosystem is intimately linked to the hormonal 

fluctuations a woman experiences during the course of her life. Estrogen is the main 

hormone playing a significant role in the vaginal microbiome tropism. High levels of 

estrogen increase the vaginal deposition of glycogen which encourages the growth of 

Lactobacillus. The level of estrogen is at its highest after puberty and before the 

menopause leading to a high level of lactobacilli and a low pH in the urogenital tract. 

After menopause, the decreasing levels of estrogen lead to the replacement of 

Lactobacillus by different colonizers such as Ureaplasma, Gardenella, Mycoplasma, 

Streptococci, Enterococci, and Enterobacteriaceae neutralizing the vaginal domain 

and exposing it to sexually transmitted infections (STIs), urinary tract infections 

(UTIs) and HIV (Gupta et al., 2019). A recent study investigated the possibility of 

vaginal microbiome transplant from healthy donors to patients suffering from 

symptomatic bacterial vaginosis and showed a long-term remission and vaginal 

microbiota restoration following the transplantation (Du Toit, 2019). 

1.2.3. The oral microbiome. 

 The human oral microbiome counts as the second most diverse niche, after 

that of the gastrointestinal tract, in terms of species count and regrouping around 600 

distinct species (Willis & Gabaldón, 2020). The microbial composition of the oral 

cavity, however, exhibits a relatively low interpersonal variability, with the extended 
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oral interactions between individuals affecting their microbiome and altering its 

composition (Kort et al., 2014). The particularity characterizing the oral microbiome 

is the variety of tissues and textures present inside the mouth, each of which shelters 

a different community of microbes. The hard non-shedding tissues such as the 

enamel of the teeth allow the formation of stable multispecies biofilms whereas the 

soft exfoliating epithelial surfaces, like the tongue and inner cheeks, compel the 

development of transient biofilms and different colonization strategies (Lamont et al., 

2018). Facultative anaerobes such as Actinomyces species are among the earliest 

colonizers of the oral cavity. Later on, anaerobic bacteria such as Veillonella, 

Fusobacteria, and Peptostreptococci, start to appear (Fiorillo, 2020). 

Oral dysbacteriosis has been linked to several diseases including periodontitis, 

gingivitis, and teeth cavity. An increase in obligate anaerobe Gram-negative bacteria 

is a strong indicator of periodontitis and leads to a higher risk of diabetes mellitus 

(Minty et al., 2019). The oral presence of the bacterium Porphyromonas gingivalis is 

a sign of dysbiosis and is associated with a higher risk of rheumatoid arthritis 

(Potempa et al., 2017). Increasing evidence has been linking oral microbiome with 

behavioral disorders such as Alzheimer’s disease (AD) and autism spectrum disorder 

(ASD). A differential microbial profile was found in children with ASD whereby a 

drop in the diversity was observed compared to the control bacteriological landscape, 

with an increase in Haemophilus and Streptococcus species and an impoverishment 

in Prevotella, Selenomonas, Actinomyces, Porphyromonas and Fusobacterium 

species (Olsen & Hicks, 2019). 

1.2.4. The gastrointestinal microbiome. 

 The gastrointestinal tract harbors the vast majority of the human microbiota 

with extensive phylogenetic architecture and shows the highest inter-individual 
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diversity (Beta diversity) (Costea et al., 2017). Similar to the skin microbiome, the 

most abundant phyla harbored in the gut include Actinobacteria, Firmicutes, 

Bacteroidetes, and Proteobacteria (Eckburg, 2005). However, while Actinobacteria is 

the most abundant phylum on the skin, Firmicutes and Bacteroidetes members are 

the most abundant phyla in the gastrointestinal tract representing more than 90% of 

all phylogenetic types of colonic bacteria (Costea et al., 2017). Bacterial species 

found in the gut microbiota have been grouped according to their molecular function 

into three enterotypes: Bacteroides (enterotype I), Prevotella (enterotype II), and 

Ruminococcus (enterotype III) (Arumugam et al., 2011).  

The proximal gut homes a significantly lower and less stable microbial biomass than 

the distal gastrointestinal tract with the ileocecal valve serving as a controlling gate, 

restricting the reflux of the colonic bacteria into the ileum. Nevertheless, the bacterial 

population of the stomach and small intestine microbiota counts 104-108 CFU/ml 

belonging to members of the phylum Bacteroidetes, the order Clostridiales, and the 

family of Enterobacteriaceae and contributing to the intake of essential amino acids 

(Raj et al., 2008). 

Due to its higher pH, longer retention time, and a lower concentration of bile salt, the 

distal gut holds an exceptional diversity and abundance of microorganisms with 1010 

to 1011 CFU/ml in the cecum and proximal colon (Sonnenburg, 2005). Consequently, 

the sequencing of the bacterial metagenome extracted from this region could provide 

an effective insight on the dynamics of gene transferring horizontally within and 

between different constituents of the microbiome and the co-evolution of hosts with 

their microbiota (Xu et al., 2007). The substantial majority of the bacterial 

community present in the large intestine belongs to the Bacteroidetes and Firmicutes. 

Members of the Verrucomicrobia, Proteobacteria, Fusobacteria, and Actinobacteria 
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could be found at varying densities in different individuals. Colonic microbial 

communities contribute to the production of short-chain fatty acids (SCFAs) through 

the fermentation of undigested food particles constituting the main energy source for 

enterocytes (Stevens & Hume, 1998). 

Deep sequencing of the fecal microbiome showed a considerable temporal 

consistency where 60% of bacterial strains were preserved over the course of five 

years and dominated by autochthonous bacteria (Faith et al., 2013). Most scientific 

reports utilize fecal samples to explore the gastrointestinal microbiome, and it was 

proven that fecal microbiota constitutes a decent representative of the bacterial 

community present in both mucosal and luminal populations (Stevens & Hume, 

1998). 

1.3. Formation and variation of the human gut microbiome. 

 Most of the microbial colonization occurs in the early years of life (Brooks et 

al., 2018). Despite some evidence suggesting the presence of bacteria in the placenta, 

meconium, and amniotic fluid, the consensus is that the newborn is first inoculated 

with bacteria at birth (Amarasekara et al., 2014). 

During birth, the vaginally-delivered newborn is exposed to the maternal vaginal and 

intestinal microbiota. Cesarean section delivery, however, promotes the colonization 

of bacteria from the skin, including organisms such as Propionibacterium and 

Staphylococcus (Stinson et al., 2018). Facultative aerobes such as Escherichia and 

Enterococcus colonize first and gradually establish an anaerobic environment 

enabling the colonization of obligate anaerobes, including Firmicutes such as 

Clostridia, Bacteroidetes, and Bifidobacteria (O'Toole, 2012). 

Furthermore, breast milk contains viable microorganisms, harvested from the 

maternal gut, that contribute to the bacterial diversity (Perez et al., 2007). 
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Breastfeeding was shown to promote the presence of Bifidobacteria and to demote 

the colonization Atopobium in the infant gut microbiota (Turnbaugh et al., 2008). The 

introduction of solid food causes drastic shifts in the microbiome and the microbial 

diversity continues to increase until weaning, where it maintains its stability over 

time in healthy adults (Koenig et al., 2010). Comparative studies investigating the 

difference in the microbial repertoire across different ages revealed that although 

bacterial diversity increased with age, the interpersonal diversity between children is 

less pronounced than that between adults (Yatsunenko et al., 2012). 

Nevertheless, studies conducted on the elderly population demonstrated that they 

bear different gut microbial communities from younger adults, with a higher 

abundance of Lachnospiraceae and genes with proteolytic properties and a lower 

ratio of genes coding for saccharolytic functions (Rampelli et al., 2013). 

 

1.4. Factors affecting the composition of the adult microbiome 

1.4.1. Genetics 

 The composition of the microbiome is unique to each individual and as such 

constitutes a ‘microbial fingerprint’ (The Human Microbiome Project Consortium, 

2012). While two humans could share 99.9% similarity in their genome, only 10% of 

their gut microbiome DNA would be identical (Xie et al., 2016). Some taxa such as 

Bifidobacteria and Christensenella proved to be highly heritable (Goodrich et al., 

2014). However, comparisons of the microbiome of monozygotic and dizygotic 

twins showed that the similarity between the microbiomes of identical twins was not 

significantly higher than that of non-identical twins (Goodrich et al., 2014). 

Furthermore, monozygotic twins shared less than 50% of the bacterial species which 

suggested that the influence of the human genome on the microbiome composition 
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was limited, and that the diversity of the bacterial ecosystem harbored in the human 

body was rather determined by environmental factors (Goodrich et al., 2014). 

Interestingly, despite the interpersonal diversity of the bacterial components of 

different microbiota, metagenomic sequencing revealed that these various 

communities shared a common set of genes presenting similar functions: the core 

human microbiome. The variable human microbiome on the other hand collectively 

represents bacterial genes showing little redundancy between different individuals 

(Turnbaugh et al., 2008). 

1.4.2. Lifestyle 

 Lifestyle has an important influence on the identity and constitution of the 

different bacterial species present in the gut. Pet cohabitation for example appears to 

affect microbiome diversity. Family members living together with a dog seem to 

share more of their microbiota (Song et al., 2013). 

Exercise is an important protective factor whereby it reduces the contact of 

pathological bacteria and the gastrointestinal mucus by reducing the stool retention 

time (Bermon, et al., 2015). Besides, exercise promotes the presence of 

Faecalibacterium prausnitzii which produces butyrate and reduces oxidative stress 

(Evans et al., 2014). Experimental studies proved that the Firmicutes/ Bacteroidetes 

ratio, indicative of obesity, was inversely proportional to the distance run by mice, 

independently of diet (Evans et al., 2014). Smoking and alcohol consumption has 

been linked to an increase in gastric Helicobacter pylori and exhaustion of 

Lactobacillus and Akkermansia muciniphila as well as bacteria linked to anti-

inflammatory activities (Capurso & Lahner, 2017). 

Other factors include stress and sleep deprivation. People experiencing sleep loss 

exhibited increased levels of Coriobacteriaceae and Erysipelotrichaceae as well as a 
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high ratio of Firmicutes to Bacteroidetes (Benedict et al., 2016). Alistipes was 

previously linked to induced stress in mice (Snijders et al., 2016). The increase in the 

permeability of the intestine due to stress alters the gut microbiota by shifting 

Bacteroidetes and Actinobacteria abundance and leading to alterations in the 

concentration of metabolites and inflammatory markers (Karl et al., 2017). 

1.4.3. Diet  

 Diet is one of the primary exogenous factors that help in shaping and altering 

the microbiome, it is as well easily adjustable where changing a person’s dietary 

habits would not constitute a high physiological, cultural or psychological risk. 

Although a short-term change in diet revealed to be unsuccessful in modifying the 

resilient gut microbiome, a long-term diet appears to have a significant impact on the 

microbial composition providing different substrates for bacterial metabolism 

(Albenberg & Wu, 2014). A high abundance of Prevotella was associated with a diet 

rich in fiber and carbohydrates, whereas Bacteroidetes was abundant in people 

consuming high amounts of proteins and fat (Schnorr et al., 2014). 

1.5. Microbiome and metabolism 

1.5.1. The influence of the microbiome on dietary products 

 One of the most important contributions of the microbiome to the mammalian 

host is the intake of otherwise unavailable energy and nutrient from food through the 

metabolism of indigestible dietary elements. Several bacteria in the gut are involved 

in polysaccharide fermentation leading to absorption of short-chain fatty acids and 

monosaccharides and their resulting conversion to complex lipids in the liver (den 

Besten et al., 2013). Hence, the metabolic activity of the microbiota has a direct 

correlation with obesity or malnutrition and could be valuable in developing 
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personalized treatment strategies. The sequencing and analysis of the gut microbiome 

on its own could predict whether the human host is lean or obese with 90% accuracy. 

Comparisons of the microbiome of lean versus obese individuals showed that obesity 

was correlated with an alteration of the ratio of Firmicutes to Bacteroidetes. Obese 

mice presented a 50% lower abundance of Bacteroidetes and an increase in 

Firmicutes by a corresponding degree (Ley et al., 2005). These results show a 

striking correlation between the microbial community and the physical and 

physiological condition of the host, however, it remained difficult to conclude 

whether the differential characteristics observed in the microbiota composition were 

the cause or the effect of the disease. In an attempt to elucidate the causality 

relationship, many studies were conducted on germ-free mice lacking natural 

microbes. The results revealed that these characteristics were transmittable whereby 

inoculating these mice with the distal gut microbiota of obese mice resulted in a 

drastic increase in body fat after 10 to 14 days even when associated with a less 

caloric diet (Suez et al., 2015). Also, subjects in whom the Christensenella was 

abundant in the gut microbiome showed a lower BMI, and experimentally feeding 

mice with Christensenella led to weight loss (Goodrich et al., 2014). The 

components of the microbiota of obese individuals harvested more efficiently energy 

from ingested food. Clusters of Orthologous Groups (COG) analysis revealed that 

the human microbiome contributed significantly to glycans and amino acid 

metabolism, ethanogenesis, and 2-methyl-D-erythritol 4-phosphate pathway-

mediated biosynthesis of vitamins and isoprenoids (Gill et al., 2006). 

1.5.2. Microbiome and drug metabolism 

 The metabolic capacities of the microbiome played an important role as well 

in the regulation of drug and xenobiotics like activation of azo drugs such as 
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prontosil and neoprontosil leading to the release of sulphanilamide (Wilson & 

Nicholson, 2017). The differential microbial community residing in the intestine 

proved to play an important role in the occurrence of drug-induced liver injuries. 

Bacteria such as Citrobacter freundii and E. coli produce 1-phenyl-1,2-propanedione 

(PPD) which was proven to increase the activity of acetaminophen (APAP), a 

pharmaceutical compound causing liver damage (Niu & Chen, 2020). On the other 

hand, the production of phenylpropionc acid by certain members of the gut 

microbiome relieves the hepatotoxic effects of APAP (Xie et al., 2016). Based on 

these studies, the modulation of the gastrointestinal microflora could be applied as a 

hepatoprotective strategy against drug toxicity. 

1.6. Microbiome: a neglected biomarker for chronic diseases 

 The attention drawn towards the bacterial community residing in the 

gastrointestinal tract began with the discovery of Barry Marshall and Robin Warren 

in 1983 stating that H. pylori could reside in the stomach and plays a role in gastritis 

and peptic ulcer disease: ere this year, the fact that the stomach was unable to home 

any living bacterium was a known fact (Abimbola & Durosimi, 2008). However, as 

Warren quoted in his Nobel lecture “There is nothing more deceptive than an obvious 

fact” (Warren, 2006). This discovery did not only demonstrate that H. pylori could 

colonize the gastric mucosa but additionally sparked the idea that chronic diseases 

such as ulcers, cancer, autoimmune and heart diseases, as well as others could be 

caused by a bacterium and hence, could be treated by antibacterial agents (Schulz et 

al., 2019). 

Imbalances in bacteria able to synthesize short-chain fatty acids like acetate, 

propionate, and butyrate have been shown to be involved in diseases like 

Inflammatory Bowel Diseases and type II diabetes (Ley et al., 2005). Additionally, 
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members of our microbial ecosystem exhibited bioremediation-like properties that 

helped in the detoxification of ingested carcinogens. Predisposition to kidney stones 

development was, on the other hand, connected to oxalate metabolism by members 

of the microbial ecosystem (Mehta et al., 2016). Therefore, our microbiota 

metabotype could constitute an important source of precise and personalized 

biomarkers (Goodrich et al., 2014). 

The enteric microbiome metabolic activity was also proven to affect the function of 

distal organs like the heart, lung, and brain. Using animal models, it was shown that 

the generation of trimethylamine N-oxide (TMAO) by the gut microbes enhanced 

platelet reactivity (Zhu et al., 2016). This would promote the potential occurrence of 

thrombotic events, and consequently lead to an increased risk in atherosclerosis and 

cardiovascular diseases (Zhu et al., 2016). Also, a smaller heart size as a proportion 

of weight was observed in germ-free animals compared to that of their colonized 

counterparts (Wostmann et al., 1982). 

Several respiratory diseases, including allergies and cystic fibrosis, were correlated 

with dysbiosis in the gut microbiota due to antibiotic intake (Metsälä et al., 2014). 

Infants suffering from asthma showed a higher rate of Clostridia and a lower rate of 

Bifidobacteria in their intestine (Looft & Allen, 2012). The gut microbiota was as 

well influenced by imbalances in the lung microbial composition. An increase in 

Enterobacteriaceae and a decrease in Lactobacilli and Lactococci in the gut were 

observed when mice were infected by the influenza virus (Manor et al., 2016). 

Furthermore, some of the existing probiotics showed beneficial effects on lung health 

(Anand & Mande, 2018). 

The microbiome could also provide novel biomarkers related to behavioral and 

mental disorders. For example, attention-deficit/hyperactivity disorder (ADHD) 
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patients present a reduced alpha diversity in their microbiome (Prehn-Kristensen et 

al., 2018). Some bacterial metabolites could mediate autism-like behaviors. 

Improvement in behavioral and gastrointestinal symptoms of autism patients was 

observed after a fecal microbiota transplant (Kang et al., 2017). Also, Oscillibacter 

produced valeric acid, a homolog of the neurotransmitter gamma-aminobutyric acid 

(GABA), as its main metabolic end product, and a strong link was established 

between Lactobacillus abundance and memory formation (O'Hagan et al., 2017). 

1.7. Microbiome and the immune system 

 Links have been established between the microbiota and both the innate and 

adaptive immune system, whereby disruptions in the gut flora composition led to 

deregulation in the immune response (Brestoff & Artis, 2013). Patients suffering 

from IBD, in particular Crohn disease, showed variations in their microbiome 

composition. Higher levels of Enterobacteriaceae, Pasteurellacaea, Veillonellaceae, 

and Fusobacteriacea, and lower levels of Erysipelotrichales, Bacteroidales, and 

Clostridiales were detected in their microbiome and were proportional to the disease 

severity (Forbes et al., 2018). Exposure of these patients to antibiotics increased the 

importance of microbial dysbiosis associated with the disease. Additionally, the 

microbiota induced alterations in the expression of host genes coding for 

antimicrobial agents and consequently affected the colonization of enteropathogens 

(Cash, 2006). Interactions between immune cells and the microbiome also were 

linked to the renewal of gut epithelial cells and the ability to repair damaged mucosal 

barriers (Sharma et al., 2010), whereby colonized mice renewed gut epithelial cells at 

a higher rate than germ-free mice (Pull et al., 2004). 
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1.8. Variations in the gut microbiome across populations, geography, ethnicity 

 When the HMP first initiated the characterization of the healthy microbiome, 

most of the studies that followed were centered on the US and European countries. 

Since then, several studies aiming at profiling non-Western microbiomes have 

emerged contributing to the constitution of a body of data identifying the “world 

microbiome” and revealing significant disparities in the healthy microbiome of 

different races and ethnicities. 

Comparative studies of the microbiota of different populations with different 

ethnicities, lifestyles, and geographic locations offer an important evolutionary and 

epidemiological insight that must be taken into consideration in disease diagnosis 

and therapy. 

Metagenomic analysis revealed that Bacteroides plebeius in the Japanese population 

microbiota has a unique gene coding for the enzyme porphyranase, potentially 

transferred from marine Bacteroides species, involved in the natural degradation of 

seaweed and facilitating the digestion of this ingredient, which is part of the diet in 

Japan (He et al., 2018). Likewise, a higher abundance of Bacteroidetes and a lower 

abundance of Firmicutes were detected in the gut flora of children in a rural African 

village in Burkina Faso in comparison with European children (De Filippo et al., 

2010). The comparative examination of the gut microbiota of individuals living in 

the Venezuelan Amazon, country Malawi, and the USA showed a decrease in 

diversity in the USA microbiota and suggested that a typical Western sugar-rich diet 

favored the colonization of Provotella in all age groups (Yatsunenko et al., 2012). 

Enrichment in genes coding for glutamate synthase was observed in the Venezuelan 

and Malawian microbiome, on the other hand, enzymes involved in the degradation 

of glutamine, proline, and other amino acids as well as in sugar catabolism, vitamin 

15 
 



 

biosynthesis and metabolism of xenobiotics were overexpressed in the US 

microbiome. Although the Venezuelan and Malawian microbiome could be 

differentiated from one another, the difference was not as striking as that with the US 

microbiome. This suggested that the geographical distance is not the main 

contributing factor in shaping the microbiota but rather the diet, lifestyle, and extent 

of industrialization (Yatsunenko et al., 2012). 

Recent demographic changes were also reflected in the microbiome whereby a loss 

of diversity in the gut flora of non-western immigrants was observed following their 

migration to the United States and might have led to a predisposition to metabolic 

diseases (Vangay et al., 2018). 

Differences in the taxonomical composition foreshadowed the contemporary human 

evolution and whether and how quickly propelling technology, industrialization, and 

the resultant change of human ways of life impacted our micro-scale development. 

The indigenous Hadza tribe in Tanzania for example leads a foraging lifestyle and as 

a result, harbored a unique microbiome composition (Schnorr et al., 2014). In a study 

conducted on four Himalayan tribes ranging from hunter-gatherers to farming for 

more than thirty to forty years showed that each was characterized by a different type 

of microbiota and all of the four were distinct from that of the industrialized Western 

population in Europe and the United States. A decrease in Ruminobacter and 

Treponema and an increase in Actinobacter and Verrucomicrobia were associated 

with the shift from a foraging lifestyle towards industrialization (Jha et al., 2018). 

1.9. Different techniques in analyzing the microbiome. 

 The continuous advancements and decrease in the cost of Next Generation 

Sequencing (NGS) led to the generation of high amounts of data with remarkable 

throughput and resolution, and the subsequent development of sophisticated 
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bioinformatics tools for analysis (Turnbaugh et al., 2007). The two major adopted 

microbiome characterization approaches are 16S ribosomal RNA and metagenomic 

sequencing. The 16S rRNA marker gene contains hypervariable regions that are 

unique to each bacterial species, facilitating classification.16S sequencing heavily 

relies on the phylogenic categorization of the bacterial ecology in the human body 

(Jovel et al., 2016). The sequences can be clustered by similarity referring them to a 

reference database of formerly annotated genes and grouping them into phylotypes. 

Alternatively, a more computationally thorough method can be used such as the de 

novo construction of operational taxonomic units (OTUs) grouped by DNA sequence 

similarity (Ritari et al., 2015). A combination of both methods is preferable and a 

99% similarity threshold is generally adopted although it might fail to separate 

closely related species like some Enterobacteriaceae, Clostridiaceae, and 

Peptostreptococcaceae (Tikhonov et al., 2014). The whole-metagenome analysis is a 

powerful alternative where the whole pool of genomic material recovered from 

hundreds of organisms in complex microbial communities is sequenced and analyzed 

(Turnbaugh et al., 2008). The generation of an extended catalog of thousands of 

microbial genes is done through the assembly of the short reads into longer contigs. 

These contigs are then annotated and the taxonomic categorization will depend on 

the degree of preservation of the available sequences. The classification of species 

that present little variability in sequences will be more challenging and larger 

magnitude of reads will be required as the taxonomic level increases. Thus, a higher 

divergence of recovered genomic regions will lead to a better classification of the 

metagenome (Qin et al., 2010). This approach allows as well the prediction of Open 

Reading Frames (ORFs), the identification of the functions encoded by the 

microbiome, and the reconstruction of the metabolism of individual microbial 
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species offering an insight into their possible role in human health. These goals can 

be met especially if coupled with metatranscriptomics (the study of the total set of 

RNAs), proteomics (the total set of proteins), metabolomics (the entire generated 

metabolites) and the interactomics, (the set of molecular interactions) (Qin et al., 

2010). 

Objectives:  

In this study, we aimed at characterizing the microbiome of 48 donors 

representing the Lebanese population through 16S rRNA analysis and 

performing diversity analysis using QIIME2. The core gut bacterial 

represented by the taxa present consistently across the samples was 

determined in an attempt to identify a unique identity for the Lebanese 

microbiota. A network of co-occurring taxa was constructed to verify which 

taxa are likely to occur in the same sample and which taxa have a negative 

correlation. The functional profiles of the obtained microbiomes were 

predicted using BURRITO to highlight the metabolic importance of the gut 

bacterial community.  
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Chapter Two 

Materials and Methods 

2.1. Ethical approval  

This study was approved by the Institutional Review Board (IRB) of the Lebanese 

American University (IRB#: LAU.SAS.ST1.2018.R1.14/Oct/2019). The study was 

conducted following a double-blind system where the identity of the donors 

remained anonymous. The Case Report Forms were labeled by a unique code 

identifying the donated specimen while the name of the participant remained 

unidentified. All donors signed an informed consent form that also included the 

location, duration, aim, potential risks, benefits, and the confidentiality of the study. 

Participants additionally filled an anonymized and de-identified collection survey. All 

personal information collected in the surveys and obtained after sample analysis 

remain confidential. 

 

2.2. Sample acquisition 

 A total of 48 stool samples were collected between March 2018 and March 

2019 from healthy Lebanese young adults and were assigned random codes ranging 

from 308 to 475. Fecal samples were collected in a sterile container using a plastic 

bag and according to the International Human Microbiome Standard ("IHMS", 

2020).  

2.3. DNA extraction 

 Bacterial DNA was extracted from the fecal material in less than 4h after 

sample acquisition. QIAamp DNA Stool Mini kit (QIA; Qiagen, Germany) was used 
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for DNA extraction according to the manufacturer’s instructions with minor 

modifications. In cases where extraction was not feasible within the 4h window, the 

sample was stored at -4ºC, and DNA was extracted after a maximum of 24h. DNA 

concentration and purity (260/280 and 230/260 absorbance) were measured using 

Nanodrop and Qubit 2.0 fluorometer (Thermo Fisher Scientific, USA). Samples 

showing a 260/280 ratio of lower than 1.8 and Qubit-based concentration lower than 

10 ng/ul were not further processed. All extracted DNA was stored at -20ºC. 

2.4. Bacterial 16S rRNA Amplicon Sequencing 

 PCR amplification using the 341F-5'- CCTACGGGAGGCAGCAG-3' 

forward primer and the 805R-5’-GACTACHVGGGTATCTAATCC-3’ reverse primer 

targeted the V3-V4 region of the nine hypervariable regions (V1-V9). The IGATech 

sequencing and analysis platform ("IGATech", 2020) was used, and sequencing was 

performed on an Illumina MiSeq generating paired-end reads of 2x125 bp. 

2.5. 16S rRNA gene Analysis Pipeline 

We used the Quantitative Insights Into Microbial Ecology 2 (QIIME2) to 

analyze the 16S rRNA gene sequencing data (Kuczynski et al., 2011) (Figure 1). 
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Figure 1. Simplified workflow of microbiome analysis using QIIME2 pipeline. 
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2.5.1. Pre-processing of sequence reads 

 Sequencing data were received in the FASTQ file Casava 1.8 format and 

included forward and reverse reads. The reads were imported into a QIIME2- 

readable artifact, specifying the semantic type: 

'SampleData[PairedEndSequencesWithQuality]', and obtaining an input_reads.qza 

folder. 

QIIME was initially developed to help analyze multiplexed microbiome data 

containing sequences from the totality of the samples mixed in one file. A barcode 

attached at the beginning of each would allow the matching of the sequencing data to 

the sample identities and permit the de-multiplexing (the stratification of the 

sequences into their respective samples). After importing, a summary of the 

demultiplexed results was generated as a .qzv file (demux.qzv) which could be 

viewed on view.qiime2.org. The file contained information on the number of 

sequences obtained per sample, along with a summary of the quality of the sequence 

quality at each position. 

2.5.2. Quality Control and Trimming 

 Bases with low scores were removed using DADA2 (Callahan et al., 2016). 

DADA2 detects and, to some extent, corrects errors made during sequencing. The 

DADA2 function requires two parameters: the position at which to trim (remove the 

first bases before the tagged position), and truncate (remove the last bases after the 

tagged position) (Callahan et al., 2016). The two parameters should be specified for 

both the forward and reverse reads. The forward reads were truncated from 

nucleotide position 301 and the reverse reads were truncated from nucleotide 251; 

reducing the number of bases having a quality scores less than 20.  
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2.5.3. Operational taxonomic units (OTU): Clustering and Taxonomic 

Classification 

 Following trimming and denoising, sequences were binned into Operational 

Taxonomic Units (OTUs) using “qiime vsearch” (Schloss & Handelsman, 2005). 

This step allows for easier subsequent analysis since it reduces the number of 

sequences from hundreds of millions of input sequences down to a small number of 

usable features (usually thousands of features). Additionally, clustering would help in 

controlling sequencing errors by avoiding the classification of two sequences that are 

different because of sequencing errors into two separate species, and groups them as 

a result under one common feature. 

Within the QIIME2 wrapper, three approaches are used for OTU clustering: de novo 

clustering, closed-reference clustering and open-reference clustering. de novo 

clustering regroups sequences based on sequence similarity with a predefined 

threshold (commonly 97%). Closed-reference clustering clusters sequences at some 

percent identity against a reference database clustered at the same percent identity. 

All sequences that do not match the reference database will be discarded. Open-

reference clustering includes closed-reference clustering as an initial step, followed 

by de novo clustering of sequences that do not hit the reference database. 

Our sequences were clustered based on the open-reference clustering method, taking 

SILVA-132 as a reference database with an 85% identity threshold (Quast et al., 

2012). The SILVA database is a comprehensive online collection of quality checked 

and aligned ribosomal RNA sequence data, providing updated datasets for all three 

domains of life (Bacteria, Archaea and Eukarya) (Quast et al., 2012). 
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A representative sequence was generated for each OTU cluster and a summary file of 

the number of sequences per sample and per feature was generated (Schloss & 

Handelsman, 2005). Phylotypes were assigned taxonomy using the QIIME2 

implemented pre-trained Naïve Bayes classifier, trained using SILVA-132 OTUs. 

 

2.5.4. Phylogenetic Tree Generation 

 A phylogenetic tree was constructed using “align-to-tree-mafft-fasttree” 

pipeline from the q2-phylogeny plugin (Kuczynski et al., 2011). Briefly, the pipeline 

uses the multiple sequence alignment program MAFFT aligning the representative 

sequences, creating a FeatureData[AlignedSequence] QIIME 2 artifact, and masking 

the alignment to eliminate highly variable positions (Katoh & Standley, 2013). Then, 

the pipeline applies FastTree to generate an unrooted phylogenetic tree from the 

masked alignment while applying midpoint rooting (Price et al., 2010). 

Next, the generated tree was exported as a Newick-formatted file for visualization. 

The tree was visualized and annotated using iTOL v5 Interactive Tree Of Life 

(Letunic & Bork, 2016). 

2.5.5. Diversity Analysis 

 The diversity analytic plugin, q2-diversity, was used and the sampling depth 

of 4650 was chosen. This depth was based on the information obtained in the 

clustering-summary.qzv by selecting a value that is high enough to retain as much 

sequences per sample as possible, while excluding only few. 

The alpha rarefaction curve was plotted at a maximum depth of 7483 based on 

species count, and to verify that the depth chosen for diversity analysis was enough 

and representative of the species richness of the samples. 
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Alpha and beta diversity are the two most common representations used for 

describing the diversity within microbial communities. Alpha diversity refers to the 

microbial richness and evenness within one sample which could be estimated 

following several metrics. Species count (or OTU count) could be used as a richness 

index, but fails to account for the phylogenetic diversity within the sample. Faith 

phylogenetic diversity corrects for this lack of insight into phylogeny by accounting 

for the sum of branches lengths covered by a given sample in a phylogenetic tree. 

Finally, Shannon’s diversity considers the total number of species in the population, 

the relative abundance of the species, and evenness to calculate the biodiversity of a 

population. Alpha diversity was assessed by implementing “qiime diversity alpha-

group-significance” plugin and using observed OTUs, Faith-pd, and Shannon 

metrics.  

Beta diversity refers to the diversity seen across the samples (how different is the 

microbial composition of one sample from the composition of another). 

Beta diversity was calculated in QIIME2 using weighted (accounting for species 

abundance) and unweighted (disregarding species abundance) UniFrac (Unique 

Fraction) analysis (Lozupone & Knight, 2005), then assessed and compared using the 

abundance-weighted Jaccard distance metric and Principal Coordinates Analysis 

(PcoA). 

2.6. Predicting the functional potential of the microbiome 

 The functional potential of the microbiome was predicted and the metabolic 

functions were grouped into taxonomic and related functional activities, and 

visualized by BURRITO using the unrarefied OTU abundance table obtained from 

QIIME2 as input (McNally et al., 2018). 
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2.7. Statistical analysis 

 The relative abundances of taxons were computed by Rstudio using the data 

present in 'taxonomic-classification-barplot.qza' file obtained from QIIME2 (Jacintho 

Müller & Jaeger Zabala, 2016).The rank abundances were computed using the data 

obtained from the 'taxonomic-classification-barplot.qza', and the rank abundance 

curves were generated using the ggplot2 R package. The core population microbiome 

was generated by extracting the taxons present in at least 80% of the samples with a 

minimum abundance of 0.1%. To construct the network of co-occurrence of the gut 

bacteria, bivariate correlation analysis was performed using Pearson correlation. Taxa 

having a correlation coefficient (r-value) lower than -0.5 were considered to have a 

negative correlation and taxa having a correlation coefficient higher than 0.5 were 

considered as co-occurring. Heatmaps were constructed using by R package “gplots” 

using the data present in 'taxonomic-classification-barplot.qza' file. 
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Chapter Three 

Results 

3.1. Samples obtained 

Forty-eight stool samples were collected from healthy Lebanese young adults, 

54.17% (N=26) being from females and 45.83% (N=22) from males. Donors’ ages 

ranged between 18 to 24 years with an average of 20.75 ± 1.47 and a median of 21. 

The Body Mass Index (BMI) ranged between 18.36 to 33.57 with a mean of 23.62 ± 

3.63 and a median of 22.78. Normal BMI was detected in 64.59% (N= 31) (between 

18.5 and 24.9) of the donors, while 29.16% (N=14) were overweight (BMI between 

25 and 29.9), 2.08% (N=1) underweight (BMI less than 18.5) and 4.17% (N=2) were 

obese (BMI more than 30). Majority (84.4%; N=41) were breastfed, 29.17% (N=14) 

were delivered by C-section, and 70.83% (N=34) normal delivery. Considering 

dietary habits 8.33% (N=4) were vegans, 4.17% (N=2) were vegetarian, 4.17% 

(N=2) were pescatarian, and 83.33 (N=40) were omnivores (Table 1). 
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Table 1. Inform
ation of the collected sam

ples. 
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 3.2. 16S rRNA sequence assessment and quality control 

A total of 3,442,494 16S rRNA sequences were obtained across the 48 

samples with an average count of 71718.625 (Figure 2). The quality summary of the 

forward and reverse reads obtained from the demux.qzv visualization is shown in 

Figure 3. The quality scores of the sequence base at each position are represented by 

a box plot generated by a random sampling of a fixed number of sequences without 

replacement. The median length of the forward reads was 301 nucleotides, whereas 

that for the reverse reads was 300 nucleotides. 

Figure 2. Demultiplexed 16S rRNA sequence counts distribution. The x-axis 
represents the number of 16Sr RNA sequences and the y-axis indicates the number of 
samples having the corresponding sequence count. 
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Figure 3. Forward and reverse reads quality assessment (Demux.qzv). The x-axis 
indicates the sequence base position and the y-axis indicates the mean quality score 
obtained for each position. 
 

After trimming and truncating the low quality bases and the removal of the resulting 

short reads, an average of 43251 ± 8573.59 sequences per sample remained. The 

sequences presenting a high number of errors were removed in the denoising step 
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and an average of 41334.52 ± 8068.15 sequences/sample remained whereas an 

average of 37744.92 ± 7090.42 sequences/sample was left after merging the forward 

and reverse sequences and removing the paired-end sequences that cannot merge; 

either because the sequences were too short and do not overlap, or because the ends 

don’t align. The reads had a relatively high number of chimeric sequences, and after 

chimeric filtering an average of 7608.69 ± 1853.8 sequences/sample were suitable 

for downstream analysis. 

 

3.3. Feature frequency and count/sample   

 The term “feature” used in QIIME 2 indicates any sequence variant or 

representative operational taxonomic units (OUT) obtained after open-reference 

sequence clustering using SILAVA_138 as a reference database. A total of 1,512 

distinct features were obtained across the 48 samples with a cumulative feature 

frequency of 365,217. On average, each sample had a feature frequency of 7,608.69. 

Figure 4 shows the distribution of feature frequency per number of samples and 

Figure 5 shows all the features frequencies. On average, each feature was detected 

241.5 times. The feature (ID: KF842884.1.1401) showing the highest frequency of 

13,393 was detected in 14 samples and when blasted against the NCBI nt database, 

mapped to “Uncultured Bacteroidetes bacterium clone LI3-200 16S ribosomal RNA 

gene, partial sequence” with a 99.57% identity. The sequence length of the 

representative sequences ranged from 338 nucleotides to 466 nucleotides with a 

mean of 449.48 ± 10.99 nucleotides. 
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Figure 4. Feature frequency per number of samples.  

Figure 5. Distribution of features frequencies.  
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3.4. Taxonomic Richness and abundance 

 Microbial analyses resulted in 1,512 phylotypes, all of which were assigned 

kingdom taxonomy level. 99.69% of the phylotypes were assigned phylum taxonomy 

level, 99.6% were assigned class and order level, 99.55% were assigned family 

taxonomy level, and 89.97% were classified at the genus level whereas only 37.75% 

at the species level. The average taxonomic assignment confidence is of 

0.933857477.  

Only two representative sequences belonged to the Archaea kingdom, both of which 

belonged to the Euryarchaeota phylum, Methanobacteria class, Methanobacteriales 

order and Methanobacteriaceae family. They were detected in samples 357 and 365 

at an abundance of 0.157% and 0.132%, respectively. The remaining representative 

sequences belonged exclusively to the kingdom Bacteria. In total, 12 bacterial phyla 

were detected (Figure 7), 19 bacterial classes (Figure 8), 30 bacterial orders (Figure 

9), 61 families (Figure 10) (out of which 13 were classified as “uncultured bacteria”, 

“uncultured organism”or “gut metagenome”), 206 bacterial genera (Figure11) (out of 

which 41 were classified as “uncultured bacteria”, “uncultured organism”or “gut 

metagenome”) and 268 bacterial species (out of which 207 were classified as 

“uncultured bacteria”, “uncultured organism”or “gut metagenome”).  

The bacterial distribution shows a similar pattern in all 48 samples, which is 

practically seen in all microbiome investigations. Microbiomes are dominated by few 

taxa, and rank abundance curves (RAC) have a long tail representing the less 

abundant organisms (Figure 6). The less abundant organisms are detected after 

quality filtering and chimera removal and thus are unlikely to be due to errors. 

Furthermore, these minor organisms are most often detected in more than one sample 

33 
 



 

which eliminates the possibility of them resulting from contamination. All of the 

taxonomic levels showed steep gradient, hence a low evenness. Evenness was the 

highest in phylum distribution (least steep gradient) and decreased (increased in 

steepness) with increasing taxonomic level (Figure 6).  
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Figure 6. Bacterial distribution patterns viewed by rank abundance curves. The 
distributions of phyla (A), classes (B), orders (C), families (D), genera (E) and 
species (F) are illustrated by rank abundance curves. The x-axis represents the ranked 
taxa from high to low. The y-axis shows the average relative abundance for a given 
taxon. Forty-eight different lines represent the 48 samples in this study.  One or a few 
taxa dominate the microbiomes of the 48 samples with a long tail representing rare 
genera. This bacterial distribution pattern agrees with the taxa abundance pattern in 
other microbiome studies. 
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3.4.1. Average Relative Abundance of Phyla 

 Figure 7 is a bar plot showing the relative abundances of microbial phyla in 

each sample. The most abundant phyla, Firmicutes, Bacteroidetes and Proteobacteria 

were present in all forty-eight samples with an average relative abundance of 51.21% 

(Ranging from 25.6% in sample 339 to 78.25% in sample 354), 36.08% (Ranging 

from 13.29% in sample 354 to 69.65% in sample 366) and 7.99% (Ranging from 

2.32% in sample 357 to 47.83% in sample 339) respectively. Cyanobacteria were 

present in 60.42% (N=29) of the samples at an average abundance of 1.23% and 

Tenericutes were present in 45.83% (N=22) of the samples at an average abundance 

of 1.29% (Table 2). Both Tenericutes and Cyanobacteria had a striking 

interindividual variability, reaching a maximum abundance of 20.76 % and 13.75% 

respectively. Actinobacteria was present in 70.83 % (N=34) of the samples and at an 

average relative abundance of 0.79%. (Figure 7- Table 2).  

The Firmicutes to Bacteroidetes ratio was computed and a mean of 1.84 and a 

median of 1.51 were found among the tested donors. 56.25% (N= 27) of the samples 

had a higher abundance of Firmicutes (ratio higher than 1) with the highest ratio of 

5.89 found in sample 354, and 43.75% (N= 21) had a higher abundance of 

Bacteroidetes (ratio lower than 0) with the lowest ratio being 0.37 and found in 

sample 366. 
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Table 2. Average relative abundance of phyla in Lebanese mirobiome. Table displays 
the average abundance in percent of phyla of all fecal samples (N=48).SD is standard 
deviation of relative abundances.  

 
Phylum 

 

Average relative 
abundance (%) ± SD 

 

Number of samples 
present in (N=48) 

Firmicutes 51.21 ± 12.8 48 
Bacteroidetes 36.08 ± 14.19 48 
Proteobacteria 7.99 ± 8.14 48 

Tenericutes 1.29 ± 3.33 22 
Cyanobacteria 1.23 ± 2.3 29 
Actinobacteria 0.79 ± 1.15 34 

Verrucomicrobia 0.75 ± 1.6 18 
Lentisphaerae 0.7 ± 2.12 19 

Epsilonbacteraeota <0.1 4 
Elusimocrobia <0.1 1 
Spirochaetes <0.1 1 
Chloroflexi <0.1 1 
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Figure 7. Relative abundance of phyla in each sample. Barplot obtained after 
taxonomic classification of the OTUs and displays the relative abundance of each 
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phylum in every sample (N=48). Graphs are arranged from lowest to greatest relative 
abundance. 

3.4.2. Average Relative Abundance of Classes  

Figure 8 is a bar plot showing the relative abundances of microbial classes in 

each sample. The classes Clostridia (phylum Firmicutes), Bacteroidia (phylum 

Bacteroidetes) and Gammaproteobacteria (phylum Proteobacteria) were present in all 

48 samples with an average relative abundance of 47.40% (Ranging from 6.99% in 

sample 339 to 74.26% in sample 354), 36.08% (Ranging from 13.29% in sample 354 

to 69.65% in sample 366) and 5.98% (Ranging from 1.52% in sample 376 to 47.83% 

in sample 339) respectively. Negativicutes (phylum Firmicutes) and Erysipelotrichia 

(phylum Firmicutes) were present in 95% (N=46) of the samples at an average 

abundance of 2.2% and 1.34% respectively (Table 3). Table 3 lists the eight most 

abundant classes which include Mollicutes (phylum Tenericutes), 

Deltaproteobacteria (phylum Proteobacteria) and Melainabacteria (phylum 

Cyanobacteria) in addition to the five classes listed above. The eleven remaining 

bacterial classes had an average relative abundance of less than 1%. Bacilli (phylum 

Firmicutes) were present in 54.17% (N = 26) of the samples reaching a maximum 

abundance of 2.08% in sample 393.  Coriobacteria (phylum Actinobacteria) was 

present in half of the samples with a maximum abundance of 3.04% in sample 325 

while Lentisphaeria (phylum Lentisphaerae), Verrucomicrobiae (phylum 

Verrucomicrobia) and Alphaproteobacteria (phylum Proteobacteria) were present at 

on average abundance less than 1% and showed striking abundance variability across 

the samples: Lentisphaeria was present in only nineteen samples and reached 14.38% 

abundance in sample 329. Verrucomicrobiae was found in eighteen samples with a 

maximum abundance reaching 8.45% in sample 396 and Alphaproteobacteria was 

present fourteen samples with a maximum abundance of 9.73 in sample 398.  
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Actinobacteria (phylum Actinobacteria), were present in thirteen samples with an 

evenness in abundance, never exceeding 3%.  Oxyphotobacteria (phylum 

Cyanobacteria) was present in five samples, Campylobacteria (phylum 

Epsilonbacteraeota) in four samples, and Elusimicrobia (phylum Elusimicrobia), 

Brachysppirae (phylum Spirochaetes) and Dehalococcoidia (phylum Chloroflexi) 

were present in one sample each (in sample 350 at an of abundance 0.94%,  in 

sample 367 at an abundance of 0.41% and in sample  at an abundance of 0.05% 

respectively), all having a relative an average abundace of less than 1%  (Figure 8).  

Table 3. Average relative abundances of the eight most abundant classes in the 
Lebanese mirobiome. Table displays the average abundance in percent of classes of 
all fecal samples (N=48).SD is standard deviation of relative abundances. 

 
 

Class 
 

Average relative 
abundance ± SD 

 

Number of 
samples found 

in (N=48) 

Clostridia 47.40 ± 13.46 48 
Bacteroidia 36.08 ± 14.19 48 

Gammaproteobacteria 5.98 ± 7.98 48 
Negativicutes 2.2 ± 2.62 46 

Erysipelotrichia 1.34 ± 0.96 46 
Mollicutes 1.29 ± 3.33 22 

Deltaproteobacteria 1.26 ± 0.92 41 
Melainabacteria 1.1  ±  2.31 27 
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Figure 8. Relative abundance of classes in each sample. Barplot obtained after 
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taxonomic classification of the OTUs and displays the relative abundance of each 
class in every sample (N=48). Graphs are arranged from lowest to greatest relative 
abundance. 

3.4.3. Average Relative Abundance of Orders  

 The orders Clostrediales (class Clostredia), Bacterodiales (class Bacteroidia) 

and Betaproteobacteriales (class Gammaproteobacteria) were present in all forty-

eight samples with an average relative abundance of 47.34% (Ranging from 6.98% 

in sample 339 to 74.26 % in sample 354), 36.08% (Ranging from 13.28% in sample 

354 to 69.65% in sample 366) and 3.06% (Ranging from 0.71% in sample 377 to 

7.49% in sample 395) respectively. Table 4 lists the eight most abundant orders 

including Selenomonadales (class Negativicutes) with an abundance of 2.2%  and 

Erysipelotrichales (class  Erysipelotrichales) with an abundance of 1.34%, both 

present in 95.83% (N=46) of the samples. Desulfovibrionales (class 

Deltaproteobacteria) were present in 85.42% (N=41) of the samples with an 

abundance of 1.26%. Gastranaerophilales (class Melainabacteria) were present in 

56.25% (N=27) of the samples with an average abundance of 1.1% and 

Lactobacillales (class Bacilli) present in 54.17% (N= 26) of the samples with an 

abundance of 0.26%. The remaining classes include Bifidobacteriales, 

Coriobacteriales, Campylobacteriales, Victivallales, Rhodospirillales, 

Enterobacteriales, Pasteurellales, Xanthomonadales, Anaeroplasmatales, 

Izimaplasmatales, Opitutales and Verrucomicrobiales, and each has an average 

relative abundance less than 1% (Figure 9).  
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Table 4. Average relative abundance of the eight most common orders in the tested 
mirobiome. Table displays the average abundance in percent of classes of all fecal 
samples (N=48). SD is standard deviation of relative abundances. 

 
Order 

Average relative 
abundance (%) ± 

SD 

 

Number of samples 
found in (N=48) 

Clostridiales 47.34 ± 13.42 48 
Bacteroidiales 36.08 ± 14.19 48 

Betaproteobacteriales 3.06 ± 1.6 48 
Selenomonadales 2.2 ± 2.62 46 
Erysipelotrichales 1.34 ± 0.97 46 
Desulfovibrionales 1.26 ± 0.92 41 

Gastranaerophilales 1.1  ±  2.31 27 
Lactobacillales 0.26 ± 0.4 26 
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Figure 9. Relative abundance of orders in each sample. Barplot obtained after 
taxonomic classification of the OTUs and displays the relative abundance of each 
order in every sample (N=48). Graphs are arranged from lowest to greatest relative 
abundance. 

3.4.4. Average Relative Abundance of higher taxonomic levels 

Figure 10 is a heatmap showing the relative abundances of families in each 

sample. All the features assigned a family, genus or species of “uncultured”, 

“uncultured bacterium”, “uncultured organism”, “gut metagenome” or 

“metagenome” were removed while constructing the heatmap. Ruminococcaceae 

(order Clostrediales), Bacteroidaceae (order Bacteriodiales) and Lachnospiraceae 

(order Clostrediales) were the most abundant families across the samples with an 

average relative abundance of 26.29% (ranging from 44.04% % in sample 371 to 

0.97% in sample 339), 22.04% (ranging from 2.96% in sample 350 to 67.47% in 

sample 366) and 17.99% (ranging 0.97% in sample 339 to 44.4% in sample 371). 

These three families were present in all forty-eight samples. The family 

Prevotellaceae (order Bacteroidales) showed a high abundance with an average 

relative abundance of 8.9% and exhibited a notable variability across samples, being 

absent in 13 samples, while reaching an abundance of higher than 25% in others. For 

example, samples 346, 330, 368, 349, 345 and 367 showed a respective 

Prevotellaceae abundance of 36.04%, 34.68%, 32.71%, 31.22%, 30.5%, and 26.05%. 

No common demographic or physiological characteristic was found to be shared 

between all these samples.   Veillonellaceae (order Selenomonadales) showed a 

similar disparity across samples having a relative abundance of 1.54% and being 

present at an abundance of 16.27% in sample 339 and absent from eight samples.  

However, the family showing the most striking disparity in distribution is 

Succinivibrionaceae being present only in nine samples with a total average 

abundance of 1.93% and reaching abundance as high as 42.01%, 24.35% and 22% in 
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samples 339, 352 and 350, respectively.  Burkholderiaceae, Tannerellaceae, 

Erysipelotrichaceae and Desulfovibrionaceae were present at a relative abundance of 

3.06%, 2.34%, 1.34% and 1.26% and showed a relatively even distribution across 

samples.  

The most abundant genus was Bacteroides (family Bacteroidaceae) with an average 

abundance of 22.04% ± 15.37 present in all samples. Prevotella (family 

Prevotellaceae) had an average relative abundance of 7.73% ± 10.73 and was present 

in 58.33% (N= 28) of the samples, and Faecalibacterium (family 

Erysipelotrichaceae) followed with an average abundance of 4.73% ± 2.22 and was 

present in all samples (Figure 11). Desulfovibrio, the most common sulfate-reducing 

genus was detected in 27% (13/48) of the subjects and at an average abundance of 

0.19%. We observed however, a dominance of Bacteroides over Prevotella in 36/48 

(70.83%) of the subjects.   
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Figure 10. Relative abundance of families in each sample. The heatmap was 
constructed based on the families obtained from the taxonomic classification using 
QIIME2 in each of the forty-eight samples obtained. The dendrogram on the left 
shows the clustering of the samples based on the relative abundances of the families. 
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Figure 11. Relative abundance of genera in each sample. The heatmap was 
constructed based on the genera obtained from the taxonomic classification using 
QIIME2 in each of the forty-eight samples obtained. The dendrogram on the left 
shows the clustering of the samples based on the relative abundances of the genera. 

 

Figure 12 is a circular phylogenetic tree displaying the phylogenetic 

relatedness between the 1,512 detected phylotypes and highlights the phylogenetic 

distribution using the eight most abundant genera. These genera cover more than 

25% of the tree despite the presence of over 200 total genera, highlighting the 

dominance of the few major taxa and reflecting the results previously obtained with 

the rank abundance curve (Figure 5-E). The genera Ruminococcaceae UCG-003, 

Ruminococcaceae UCG-002 and Faecalibacterium demonstrated a close clustering 

since they belong to the same family of Ruminococcacea. The Lachnospiraceae 

NK4A136 group does not belong to the same family as the three genera listed above; 

however, it shares with them the same order Clostridiales, hence, it clustered closely 
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to them. The genera Prevotella, Bacteroides and Parabateroides belong to the same 

Bacteroidales order and thus clustered closely. Finally, the genus Sutterella, the only 

genus belonging to the Proteobacteria phylum, clustered away from the rest of the 

eight dominant genera.  

 

 

Figure 12. Rooted circular phylogenetic tree constructed using QIIME2 and 
annotated with iTOL. Representing the phylogenetic distribution of the 1,512 
features obtained from the V3-V4 region analysis and constituting the microbiome of 
forty-eight Lebanese adults. The tree is colored according to the eight most abundant 
genera.  
 

Since only 37% of the features were assigned a species and the large majority was 

designated as “uncultured”, “uncultured bacterium”, “uncultured organism”, “gut 

metagenome” or “metagenome”, the relative abundance of species will not be 

discussed in details. Some interesting organisms were detected: Campylobacter was 

detected in four individuals (samples 341, 359, 376 and 377) with sample 341 

bearing C. hominis, the only known Campylobacter species that is not pathogenic to 
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human. Sample 359 carried C. ureolyticus which have been identified as an emerging 

gastrointestinal pathogen (O'Donovan, Corcoran, Lucey & Sleator, 2014). 

Escherichia-Shigella were identified in twenty samples, Streptococcus genus in 

twenty-one with the sample 308 harboring Streptococcus thermophilus known to be a 

powerful probiotic strain having digestive and immunity benefits.  On the other hand, 

Klebsiella were identified in three samples (377, 353 and 393), Stenotrophomonas 

was identified in two samples (325 and 357) and Chlamydia trachomatis, known to 

be the most common infectious cause of blindness and the most common sexually 

transmitted bacterium, was found in two samples as well (365 and 376). The human 

pathogen Brachyspira was also identified in sample 367.  

3.5. Core Microbiome of the donors representing the population in Lebanon 

Although the relative abundance of the taxa gives an important insight into a 

microbial community, the composition of the microbiota of a certain group of people 

could not be simply measured by respective abundances. Since many taxa are not 

evenly distributed across samples (such as Succinivibrio for example) and other taxa 

are consistently present in the majority of samples but at a low abundance; it would 

be wiser to consider both the relative abundance and the evenness of distribution 

across samples when defining a core microbiome. The core microbiome of the 

samples obtained was defined as the phylotypes present in 80% of the samples at a 

minimum abundance of 0.1%. The core phyla identified were Bacteroidetes, 

Firmicutes and Proteobacteria. The class Bacteroidia was found to be a core class 

emerging from the phylum Bacteroidetes. From the phylum Firmicutes, emerged the 

core classes Clostridia, Erysipelotrichia and Negativicutes, while within the 

Proteobacteria phylum, the classes Deltaproteobacteria and Gammaproteobacteria 

were found to be consistently present. Bacteoidiales order stemming from the 
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Bacteroidia class was found to be part of the core microbiome as well as the orders 

Clostridiales stemming from the class Clostridia, Erysipelotrichiales stemming from 

the class Erysipelotrichia, Selenomonadales stemming from the class Negativicutes, 

Desulfovibrionales stemming from the class Deltaproteobacteria and 

Betaproteobacteriales stemming from the class Gammaproteobacteria. The core 

families included Bacteroidaceae and Tannerellaceae descending from the 

Bacteroidales class, Ruminococcaceae and Lachnospiraceae descending from the 

Clostridiales class, Erysipelotrichaceae descending from Erysipelotrichia, 

Veillonellaceae descending from Selenomonadales, Desulfovibrionaceae descending 

from the Desulfovibrionales and Burkholderiaceae descending from 

Betaproteobacteriales. Finally, the genera constituting the core microbiome of our 

samples were  Bacteroides from the Bacteroidaceae family, Parabacteroides from 

the Tannerellaceae family, Lachnospira and Roseburia from the Lachnospiraceae 

family, Faecalibacterium, Ruminococcus 1, Oscillibacter, Subdoligranulum and 

Eubacterium coprostanoligenes group descending from the Ruminococcaceae family 

(Figure 13). 
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Figure 13. Core microbiome across phylum, class, order, family and genus obtained 
by extracting the taxa present in at least 80% of the samples with a minimum relative 
abundance of 0.1%. 

3.6. Co-occurrence of orders  

The Pearson correlation method measures the co-occurrence of the different 

taxa and assigns a value between -1 and 1. A coefficient of 0 signifies that there is no 

correlation between two variables, whereas a coefficient of -1 signifies a highly 

negative correlation, and a coefficient of 1 signifies a highly positive correlation. For 

this study, a coefficient lower than -0.5 was considered indicative of negative 
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correlation between two taxa whereas a coefficient higher than 0.5 was considered 

indicative of positive correlation. A negative correlation was found between the 

orders Bacteroidales and Clostridiales (r = -0.74). The presence of Clostridiales was 

negatively correlated with the presence of Betaproteobacteriales (r = -0.52) as well.  

3.7. Diversity analysis  

The alpha rarefaction plot (Figure 14) shows the OUT count in each sample 

plotted against the sequencing depth. The numbers of observed OTUs increase 

dramatically at low depth since novel OTUs were often encountered. As the 

sequencing depth increases, the number of observed OTUs levels off, indicating that 

very few novel OTUs are being encountered. The sequencing depth chosen for 

diversity analysis should be at the level where the rarefaction curve levels off to 

avoid missing any novel OUT during analysis. Most of the curves seen in Figure 14 

plateau at a depth between 4000 and 5000, indicating a sufficient coverage of 

bacterial diversity. Hence, a sequencing depth of 4650 was chosen for subsequent 

diversity analysis (Figure 14).  

Figure 14. Alpha rarefaction curve of observed OTUs versus sequencing depth. 
Shown are the numbers of different Operational Taxonomic Units (OTUs) as a 
function of the number of sequences analyzed and generated in QIIME2 Forty-eight 
different lines represent the 48 samples in this study. 
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Alpha diversity analysis was carried using Shannon and Faith-PD indices and beta 

diversity analysis was carried out using weighted and unweighted UniFrac to assess 

how the different conditions (diet, weight, physical activity, gender, mode of 

delivery, smoking and breastfeeding) influenced the gut microbiome. Most of the 

data obtained were inconclusive and did not show any significance in terms of alpha 

and beta diversity between the conditions. The only significant segregation obtained 

was between the microbiome of naturally-delivered donors and the microbiome of  

C-section delivered donors, where naturally delivered donors had an increased 

diversity and richness according to Faith-PD index (p= 0.0086) which is consistent 

with previous literature (Figure 15).  

 

Figure 15. Alpha diversity plot comparing the average bacterial diversity, using the 
faith_pd index, between naturally-delivered donors and C-section delivered donors. 
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After pairwise PERMANOVA analysis using the unweighted UniFrac metric, with 

C-section samples as the focal for the comparison, C-section and naturally delivered 

exhibited a statistically significant difference in beta diversity (P=0.002, q=0.006) 

(Figure 16). When relative abundance of taxa was used to weight the analysis 

(weighted UniFrac), a significant difference was still observed, however the p value 

obtained was higher (P=0.002, q=0.006) (Figure 17).  

 

 

 

 

 

 

 

 

Figure 16.  Unweighted UniFrac analysis of beta diversity between modes of 
delivery. 
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Figure 17. Weighted UniFrac analysis of beta diversity between modes of delivery. 

When examining the phyla average relative distributions of the microbiomes, we 

noticed that the major phyla (the most  abundant in all samples) occupied a higher 

percentage in the microbiome of C-section delivered donors compared to the 

microbiome of naturally delivered donors: The three major phyla (Firmicutes, 

Bacteroidetes, and Proteobacteria) constitute approximately 97.3% of the 

microbiome of C-section delivered donors and only 2.7% is occupied by the eleven 

non-major phyla (and unclassified Bacteria) whereas, 6.12% of the microbiome of 

naturally born is occupied by the non-major phyla (Figure18). This shows that the 

minor phyla are less present, the respective taxa are less evenly distributed, and hens, 

a much lower diversity is present in the microbiome of C-section donors.  

When comparing the average relative abundance of different genera between the 

microbiome of vaginally delivered donors and C-section delivered donors, we note in 

fact that over 37 genera were absent from C-section donors. Notably, five genera 

belonging to the Prevotellaceae family (mainly Alloprevotella), seven genera 

belonging to the Lachnospiraceae family (mainly Butyrivibrio), four genera 
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belonging to the Ruminococcaceae family, Mitsukella and Anaerovibrio (belonging 

to the Veillonellaceae family), Clostredium sensu stricto, three genera belonging to 

the Peptostreptococcaceae (mainly Terrisporobacter) and Stenotrophomonas were 

only present in the microbiome of vaginally delivered donors. Few genera including 

Porphyromonas, Marvinbryantia, Succiniclasticum and Pseudomonas were only 

present in the microbiome of donors delivered by C-section.  

 

 

 

 

 

 

 

 

 

 

 

 
Figure 18. Bar chart comparing relative abundance of bacterial phyla between 
vaginally delivered donors and C-section (left) delivered donors (right). Barplot 
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obtained after taxonomic classification of the OTUs, grouping the forty-samples by 
their delivery mode (natural or C-section) and computing the corresponding average 
relative abundances of phyla/group. 

3.8. Predicted Functional Profiles  

 The functional roles of the microbiome of the samples undertaken in this 

study were mainly classified into four main categories: metabolism (34.78%), 

genetic information processing (approximately 27%), environmental information 

processing (17.18%), and cellular processing (4.1%). Approximately 16.9% were 

unclassified. The most abundant super-pathways of the metabolism category are 

carbohydrate metabolism (8.02%), amino acid metabolism (7.46%), and metabolism 

of cofactors and vitamins (6.46%). The most abundant super-pathways of the genetic 

and environmental information processing category are translation (14.48%), and 

membrane transport (16.23%) respectively. Cellular processing abundances were 

evenly divided into cell motility (0.77%), cellular community –prokaryotes (sub-

category Quorum sensing) (1.15%), and transport and metabolism (2.18%). The sub-

category with the highest relative abundance is transporters (13.4%) (Fig. 19).  

The phyla Firmicutes and Bacteroidetes had the highest average attribution of 

function in the four functional categories with the families Ruminococcaceae and 

Lachnospiraceae having the highest functional contribution. The phylum 

Tenenricutes was the only phylum to have no attribution to the glycan biosynthesis 

and metabolism. When comparing the relative abundances of different microbial taxa 

(Figure 19-left) with relative abundance of different functional categories (Figure 19-

right) across the 48 samples, we find that the distribution of the functional categories 

is more  uniform presenting less variability between samples than that of the different 

taxa (in this figure phyla).  

59 
 



 

 

Figure 19. Functional profile of the microbiome of Lebanese samples predicted and 
visualized using BURRITO. On the left, taxa constituting the microbiome of the 
samples are shown as a network of phyla, class, order, family and genus (up) and 
according to their relative abundances in each sample (down). On the right, the 
functional networks are shown and grouped by category, super-pathway and sub-
pathway (up), and according to their relative abundances in each sample (down). 
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Chapter Four  

Discussion 

 

 Although the pioneering microbiome studies were primary focused on the 

Western and developed countries (Mueller et al., 2006) (Qin et al., 2010), a 

significant number of studies emerged from different geographic locations shedding 

light on considerable divergences in the microbiome composition between healthy 

individuals from different race, ethnicity and geographical locations (Zhang et al., 

2014; Dehingia et al., 2015). However, microbiome studies related to the Middle 

Eastern populations in general and the Lebanese in particular remains obscure. To 

our knowledge, except for a couple of studies done in Saudi Arabia, no 

characterization of the MENA (Middle East and North Africa) region microbiome 

has been carried out (Angelakis et al., 2016). The results of this study have, for the 

first time, revealed the gut bacterial profile of a set of samples representing the 

Lebanese population, indicating an intricate interplay among the factors in shaping 

the gut microbiome. 

Prior to analyses, we confirmed that all of our samples had a sufficient DNA 

concentration and that the hypervariable V3-V4 region of the 16S rRNA gene has 

been frequently adopted for the determination of the gut microbiome composition. 

Our analysis returned a total of 1,512 distinct OTUs which is on average similar to 

the number of OTUs obtained in other studies. For example, the characterization of 

the microbiome of Rural Papua New Guineans (Martínez et al., 2015), yielded 1,520 

OTUs (1,251 OTUs associated with the Papua New Guinea (PNG) data set, and 931 
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with the USA samples), and the study conducted by Zhang at al. to explore the 

Mongolian gut microbiota (Zhang et al., 2014), resulted in a number of OTUs/sample 

ranging between 118 and 1,815. The number of OTU is a primary indication of 

diversity reflecting the Gamma diversity (the total species diversity in a landscape), 

but should be cautiously interpreted, as it is not an accurate estimation of diversity 

since it doesn’t foresee the phylogenetic distances between the observed features and 

their relative abundance. Additionally, the different hypervariable regions of 16S 

rRNA gene chosen for the analysis and the different methods used to pick and cluster 

OTUs , the method of clustering (de novo, closed-reference or open-reference), 

percent identity chosen, and the reference database (in case of closed or open-

reference clustering) adopted are all variables that could comprise inconsistencies 

across different studies. 

The gut microbiome in the samples undertaken in this study showed the prevalence 

of two major phyla: Firmicutes and Bacteroidetes, cumulating an average relative 

abundance of 85.29%. The dominance of Firmicutes and Bacteroidetes (F and B) is 

in agreement with previous studies. Western, developed populations such as the 

USA, Canada and Italy (Schnorr et al., 2014; Turpin et al., 2016), as well as 

developing populations such as that in Chile (Fujio-Vejar et al., 2017) and Mongolia 

(Zhang et al., 2014), down to hunters-gatherers in Papua New Guinean population 

(Martínez et al., 2015), Hadza tribe (Zhang et al., 2014), and the traditional tribes of 

India (Dehingia et al., 2015), all exhibited an average relative abundance of 

Firmicutes and Bacteroidetes ranging from  85.2 % to 91.6%.  

The mean F/B obtained was 1.84 as such falling between the European mean ratio of 

2.8 and the rural African ratio of 0.47 (De Filippo et al., 2010). It is worthy to note 

that the age of our sample cohort is higher than that observed by De Filippo et al. 
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(2010) , in which  the gut microbiome of children was undertaken; knowing that the 

composition of gut microbiota is highly unstable in the early developmental stages of 

life (Di Paola et al., 2011). Although more than half of the samples had a ratio lower 

than 0, the median F/B ratio of 1.51 is still considered slightly high compared to the 

Mongolian or Indian F/B ratio (Zhang et al., 2014; Dehingia et al., 2015). A high F/B 

ratio was previously correlated with high-fat, high-protein western diets, and with 

young adults (De Filippo et al., 2010). Furthermore, most of our samples showed a 

predominance of Bacteroides over the xylan- degrading Prevotella which also 

indicated a high-protein and high-fat diet close to the western diet as opposed to a 

fiber rich diet (Chen et al., 2017). The large majority of the donors were omnivores 

and although the Lebanese diet is considered as a Mediterranean diet, the samples 

were collected from an urban area where the majority of the subjects follow a more 

westernized diet rather than the traditional Mediterranean. However, Mongolian 

tribes showed a strikingly low F/B ratio despite the fact that their diet was rich in 

liquor, meat, and fermented dairy product (Zhang et al., 2014), while members of the 

Korean population showed a strikingly high ratio of 2.95 despite the fact that their 

diet is rich in fibers coming primarily from kimchee and steamed rice (Nam, Jung, 

Roh, Kim & Bae, 2011). Accordingly, dietary habits alone may not be sufficient in 

determining the F/B. 

Proteobacteria were found to be the third most abundant phylum with a relative 

abundance of 7.99%, followed by Tenericutes, Cyanobacteria and Actinobacteria.  

Although the phylum Actinobacteria was detected in the majority of the samples 

(70.83%), the average relative abundance was low (0.79%). Interestingly, in most 

urban populations, such as that in Canada, USA, Japan, Italy and Ukraine 

Actinobacteria (along with Bacteridetes and Firmicutes) was among the three most 
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abundant phyla, associated with a relative abundance ranging from 5% (in USA, 

Canada and Ukraine) to 21.8% (Japan) (Turpin et al., 2016; Schnorr et al., 2014; 

Nishijima et al., 2016; Koliada et al., 2017). In contrast, traditional populations such 

as the Himalayan tribes (Jha et al., 2018), Hadza hunters and gatherers (Schnorr et 

al., 2014), Mongolia (Zhang et al., 2014), Papua New Guinea (Martínez et al., 2015), 

and the traditional Matses and Tunapuco tribes (Obregon-Tito et al., 2015), the 

abundance of Proteobacteria exceeded that of Actinobacteria as observed in our 

results. However, in a study by Angelakis et al. (2016), the gut microbiome of urban 

Saudis was found to be dominated by Firmicutes and Proteobacteria whereas the one 

of Bedouins by Firmicutes and Actinobacteria. As mentioned previously, samples in 

this study were collected from donors living in an urban area and so suggesting that 

the urban Lebanese population could have an intermediate microbiome. 

Bacteroidetes and Firmicutes being the most abundant phyla, similar to the western 

populations, with the abundance of Proteobacteria being high at the expense of 

Actinobacteria, which was similar to the urban Saudi and traditional populations 

(Angelakis et al., 2016). The finding of this study accordingly, indicated the genetic 

heterogeneity of the donors and the diversity in the Lebanese eating habits. 

Members of the phylum Actinobacterium were associated with the immune system 

training and the defense against pathogens and are known for being a major source of 

nutrients to the intestinal cells (Kim, Covington & Pamer, 2017). On the other hand, 

a “healthy” microbiome was reported to have a relative abundance of Proteobacteria 

between 0.2 and 4% (The Human Microbiome Project Consortium, 2012), whereas 

results of this study showed an average relative abundance of 7.99%. An increased 

level of Proteobacteria has been associated with gut dysbiosis and has been reported 

in Type 2 diabetes (T2D), metabolic disorders and Inflammatory Bowel Disease 
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(IBD) (Rinninella et al., 2019). Interestingly, the Lebanese population has an 

unusually high rate of IBD and T2D (Costanian, Bennett, Hwalla, Assaad & Sibai, 

2014) (Abdul-Baki et al., 2007), which correlates with the low and high prevalence 

of Actinobacteria and Proteobacteria in the gut microbiome, respectively. The 

phylum Chloriflexi was detected in only one sample at a low abundance and it is 

likely to be transient member of the fecal microbiota, coming from a diet rich in 

vegetables, since its members are photosynthetic microorganisms. Remarkably, the 

phylum Fusobacteria was absent from the studied microbiome although it was 

detected in the Saudi (both urban and Badouins) (Angelakis et al., 2016), the 

American and Canadian (Turpin et al., 2016), Himalayan (Jha et al., 2018), Chinese 

(He et al., 2018), Chilean (Fujio-Vejar et al., 2017) and European microbiomes 

(Mueller et al., 2006). Fusobacteria present in the gut bacterial community at a high 

abundance have been correlated with colorectal cancer and it is involved in intra-

amniotic infections, premature labor and tropical ulcers (Kelly, Yang & Pei, 2018). 

Regarding the Archeae, only the genus Methanobrevibacter was detected in two 

samples. This group has a high occurrence in the adult gut microbiome (Rinninella et 

al., 2019) and is involved in the production of methane by reducing H2 or formate 

into CO2 (Gaci, Borrel, Tottey, O’Toole & Brugère, 2014). 

Our results showed high interindividual variability at the genus level which was also 

reported in other populations. Notably, the genus Succinivibrio has been identified in 

nine samples with a maximum abundance of 42.01% in sample 399. Succinivibrio 

was previously found to be enriched in the gut of traditional African populations such 

as Hadza (Schnorr et al., 2014) and Malawi who have a fiber-rich diet (Yatsunenko et 

al., 2012). Additionally, it has been identified as a stable constituent of the ruminal 

and Macaques gut microbiome (Sun et al., 2016), (Gomez-Alarcon, O'Dowd, Leedle 
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& Bryant, 1982). Species belonging to this genus are efficient glucose fermenters 

through acetic and succinic acid production and aid in the metabolism of different 

types of fatty acids (Gomez-Alarcon, O'Dowd, Leedle & Bryant, 1982), which may 

increase energy utilization efficiency. It is considered an opportunistic pathogen, and 

its occurrence in the gut microbiome is usually accompanied with the presence of 

other opportunist pathogens such as Treponema. Interestingly, the genus Treponema 

was not found in any of our samples including the ones with a high abundance of 

Succinivibrio.  

Numerous beneficial bacteria such as Faecalibacterium, Parabacteroides, 

Roseburia, Subdoligranulum, Oscillospira, Lachnospira, Ruminococcus and 

Eubacterium were part of the core microbiome and among the few most abundant 

genera. Several of these genera are Short Chain Fatty Acids (SCFA) producers and 

thus maintaining the intestinal energy homeostasis, help in nutritional acquisition, 

protect against pathogens, cell signaling and proliferation, and control of the immune 

function (Rinninella et al., 2019). Members of Bifidobacteria as well as Clostredia 

involved in butyrate production were identified in the majority of samples at an even 

abundance contributing in SCFA production. These metabolic functions were 

reflected in the predicted metabolic profile, and the families having the highest 

contribution were Ruminococcaceae (Lashnospira and Roseburia), associated with 

mucin degradation and membrane transport of sugars as a source of energy, and 

Lachnospiraceae  (Faecalibacterium, Subdoligranulum,  Oscillospira and 

Ruminococcus) (Rinninella et al., 2019). Furthermore, the functional profile 

prediction obtained from BURRITO suggested that the variability of the functional 

pathways across samples was less pronounced than that of the bacterial composition. 

This was in accordance with metagenomic studies concluding that although the 
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taxonomic profile may exhibit pronounced diversity even within a homogenous 

healthy cohort, its genetic and functional profile converge into a similar set of 

functions, suggesting that the abundance of certain taxa may functionally compensate 

for the depletion of others (Shetty, Hugenholtz, Lahti, Smidt & de Vos, 2017). 

However, more recent results are questioning this hypothesis and attributing the 

impression of functional conservation to the grouping of genes into broad functional 

categories.  

 It is worthy to note that the majority of the studies, including ours, rely exclusively 

on fecal samples for gut microbiome representation. However, the fecal microbiota is 

not a totally accurate depiction of the colonic or cecal microbiome especially at the 

genus level. Facultative anaerobes for example are underrepresented in fecal samples 

and a number of strict anaerobes such as Bacteroides, Clostridium coccoides group 

and C. leptum were found to be higher in fecal samples compared to the cecum 

(Marteau et al., 2001). This presents a shortcoming when analyzing the results, and 

so the analysis of cecal fluid along with fecal samples would be a better 

representative of the gut microbiota. 

When conducting the diversity analysis, only one factor gave a significant alpha and 

beta diversity between the groups, which was the mode of delivery. The mode of 

delivery has been established by several studies as a primary factor shaping the gut 

microbiome, where babies delivered by C-section exhibited less bacterial diversity in 

their microbiome than those delivered vaginally (Rinninella et al., 2019). This was 

consistent with our data, where the alpha diversity was significantly lower in C-

section delivered donors. Moreover, and since the majority of studies tackling the 

effect of the mode of delivery on the microbiome were done on new-born or children 

(Huurre et al., 2007; Azad et al., 2013), our results showed that the consequences of 
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the mode of delivery on the microbiome was stable and could persist in adulthood. 

Our results also indicated that this factor transcended all other elements including: 

diet, weight and breastfeeding. When the rare taxa however, were given less weight 

in the overall analysis (weighted UniFrac), the significance of the mode of delivery 

became less pronounced than when the rare taxa were weighted evenly with the rest 

(unweighted UniFrac) (lower p value). Suggesting that what drives the diversity 

between the two groups (C-section vs. vaginal) was not the difference in the 

abundance of the major taxa but rather the absence or presence of the rare taxa. 

Indeed, when examining the relative abundances across the two groups, the major 

constituents of the microbiota appear to have little variability. However, several 

minor genera were exclusively found in one and not the other, such as members of 

the Prevotellceae family. Prevotella, a primary constituent of the maternal vaginal 

microbiome, was previously found to be depleted in C-section delivered infants 

(Rinninella et al., 2019), which agreed with our results. Prevotella is involved in the 

degradation of mucin glycoproteins coating the intestinal mucosal layer and 

influencing the health of the gut barrier (Rinninella et al., 2019). The genus 

Mitsukella, the absence of which was linked to a higher risk of gastrointestinal 

diabetes mellitus (Kuang et al., 2017), was only found in vaginally delivered 

subjects, along with members of the Peptostreptococcaceae which help in 

maintaining the gut homeostasis (Fan, Liu, Song, Chen & Ma, 2017). Butyrivibrio, a 

primary butyrate producer, Clostridia senso stricto and few genera from the 

Ruminococcaceae family were also missing in the gut of C-section delivered donors 

and these taxa are considered keystone groups (species considered critical for the 

immune response balance, intestinal tract homeostasis, and the host's long-term 

health) (Rinninella et al., 2019). As a result, their absence could potentially increase 
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the risk of developing inflammatory diseases and expose the surgically delivered 

subjects to a higher risk of chronic immune disorders such as asthma, inflammatory 

bowel disease and opportunistic infections (Bager, Simonsen, Nielsen & Frisch, 

2012). Indeed, some potentially pathogenic genera, such as Pseudomonas were found 

exclusively in C-section delivered subjects.   

This study is the first of its type revealing the gut microbiome profile in young 

Lebanese adults. The study showed a high interindividual variability despite the 

homogenous characteristics of the subjects. Compared to other populations, a high 

abundance of the Phylum Proteobacteria at the expense of the phylum Actinobacteria 

was observed. This could pose a higher risk of developing type 2 diabetes (T2D) and 

Inflammatory Bowel Disease (IBD). Our findings indicate that the composition of 

the microbiome in young Lebanese adults, while having its own fingerprint, was 

related to that observed in urban western, Saudi urban and traditional populations. 

Overall, the high F/B ratio as well as the dominance of Bacteroides over Prevotella 

was associated with a diet that is rich in fat and proteins. On the other hand, 

individuals with C-section delivery record showed a significantly less diverse 

microbiome compared to those with vaginal delivery record. The microbiome in the 

latter also had keystone species missing such as Butyrivibrio, Mitsukella and 

members of the Ruminococcaceae family. The observed difference could be linked to 

an increase in the risk of developing chronic inflammatory diseases and opportunistic 

infections in surgically delivered subjects (Rinninella et al., 2019). 

The results obtained in this study constitute an important baseline to further explore 

the gut microbiota composition within the Lebanese population. Future studies 

should focus on doing functional and population analysis using a larger and more 

diverse pool of donors.  
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