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Abstract 

Background: Response to drug treatment shows inter-individual variability 

attributed mainly to environmental and genetic factors. It is now accepted that 

human genome variation and microbiome profiles play significant roles in 

patients’ response to medication. This study aimed to investigate host genetic 

variation that affects an individual’s microbiome profile and, ultimately, its effects 

on the therapeutic drug response of efavirenz (EFV) and warfarin.  Efavirenz and 

warfarin are widely prescribed drugs for treatment of HIV and clotting disorders, 

respectively. Genetic polymorphisms in fucosyltransferase 2 (FUT2), Neural Cell 

Adhesion Molecule 1 (NCAM1), Shroom Family Member 3 (SHROOM3), Vitamin 

D receptor (VDR) and Lactase (LCT) were characterised and evaluated on their 

role on microbiome profiles and how this affected drug responses.  

Methods: Six hundred and forty-seven (n=647) African adults were recruited 

from Zimbabwe and blood for DNA extraction, stool samples for microbiome 

analysis and plasma for drug analyses were obtained. Genetic characterisation 

of SNPs, FUT2 (rs601338), NCAM1(rs17115310), SHROOM3 (rs11724031), 

VDR (rs1544410), VDR (rs7975232), VDR (rs731236), LCT (rs2164210) and 

LCT (rs7579771) was performed. Correlations were then made among 

genotypes and microbiome profiles on participants with different drug exposures 

(efavirenz and warfarin). 

Results: The five genes exhibited genetic variation. Baseline allele frequencies 

for each of the SNPs was as follows; FUT2 rs601338A (0.433), NCAM1 

rs17115310G (0.233), SHROOM3 rs11724031A (0.192), VDR rs1544410T 

(0.255), VDR rs7975232C (0.270), VDR rs731236G (0.242), LCT rs2164210C 

(0.188) and LCT rs7579771T (0.292). The frequencies of the variant alleles 

showed differences when compared to other populations.  FUT2 rs601338 was 

shown to have an influence on warfarin Cmax. Genera Actinomycetospora and 

Brevibacterium; and species Corynebacterium kroppenstedtii, Macrococcus 

caseolyticus and Kocuria kristinae were significantly abundant in the gut bacterial 

composition of FUT2 rs601338 AA genotype than the GG+GA genotypes. 

Bacterial order Bifidobacteriales were relatively abundant in the warfarin group 
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than in the untreated control group whereas Symbiobacteriaceae was 

significantly plentiful in the efavirenz group than the untreated control group. 

Discussion: Genes that affect body colonising microbiomes, although not 

directly important in pharmacogenomics, influence treatment outcomes. There 

were some differences and similarities in the distribution of minor allele for the 8 

variants studied when compared to other global populations, which could point to 

possible differences in microbiome profiles among individuals. Different 

microbiome profiles identified associated with the polymorphisms are likely to 

affect drug treatment outcomes, through host genetics, microbiome and drug 

interactions. 

Conclusion: These results show that African populations carry different 

polymorphisms which are likely to affect microbiome profiles and drug responses. 

Thus, when considering pharmacogenomics, it is important to take into account, 

microbiome profiles as these affect and are affected by therapeutic drugs. 

Conflict of interest and disclosure: None 
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CHAPTER ONE: INTRODUCTION AND BACKGROUND 

 

1.1 Introduction 

Response to drug treatment shows inter-individual variability attributed mainly to 

environmental and genetic factors (Ingelman-Sundberg, 2001). Genetic factors 

are thought to account for nearly 60% of the variability observed among patients 

when administered therapeutic drugs (Belle and Singh, 2008).  The intersection 

or interaction between genomic variation and therapeutic drug response is what 

is commonly referred to as pharmacogenomics. Pharmacogenomics is a branch 

of genetics that deals with how genomic profiles affect the response to drugs 

(Adams, 2008). Genetic polymorphisms that are important in pharmacogenomics 

alter the pharmacokinetics (PK) and pharmacodynamics (PD) of drugs. 

Pharmacokinetics is the measure of absorption, distribution, metabolism and 

excretion (ADME) of a drug, which deals with its kinetics within the body. PK 

particularly deals with how the body handles drugs it is exposed to. On the other 

hand, PD refers to the biological effect of a drug on the body by interacting with 

the receptors, ion channels, and enzymes to bring about the action (Ahmed et 

al., 2016). In contrast to PK, PD generally refers to what the drug does to the 

body. Based on an individual’s drug metabolism activity, they can be categorised 

into poor metabolizers (PMs), normal metabolizers (NMs), extensive 

metabolizers (EMs), and ultra-rapid metabolizers (UMs) (Bank et al., 2018). 

However, it has become apparent that pharmacogenomics alone is not adequate 

to elucidate the observed variation for each drug response phenotype 

(Doestzada et al., 2018). Recently, it has been shown that gut microbiota plays 

an important role in drug responses (Dikeocha et al., 2022). Thus, the profile of 

one’s microbiota is likely to affect their responses to therapeutic drug treatments. 

1.2 Microbiomes in health and disease 

Communities of microorganisms colonize particular locations in and on human 

bodies, such as skin, nose, ears and the gastrointestinal tract (GIT), the gut. The 

human microbiota is made up of trillions of cells in communities of bacteria, 

viruses, archaea, fungi, and protozoans. These microorganisms contain their own 
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genes, collectively known as the gut microbiome (Ursell et al., 2012) and is 

thought to weigh nearly  2 kilograms (kg). With over 20 million genes, microbiome 

is considered as a human’s second genome (Zhu et al., 2010). The microbiome 

is gaining momentum for its fundamental role in human health, thanks to 

information that is coming out of the Human Microbiome Project (HMP) and 

associated projects (Human Microbiome Project Consortium, 2012a, 2012b, “The 

Integrative Human Microbiome Project,” 2014), which have improved knowledge 

on these microorganisms. However, from all the anatomical regions of the human 

body, the gut has received considerable attention, thus, the bacterial microbiome 

is the most studied. Several factors have been reported to alter the composition 

of the gut microbiota and this includes diet (Wan et al., 2019), mode of birth-

delivery (Wampach et al., 2018), one’s age (Nagpal et al., 2018), alcohol 

consumption (Bjørkhaug et al., 2019), use of antibiotics (Cully, 2019) and 

geographical location (Fontana et al., 2019). These factors are believed to explain 

more than 20 percent of inter-person variability in gut microbiome profiles. 

These organisms have been implicated in nutrient metabolism, an example being 

the ability to aid in plant cellulose digestion (Zhang et al., 2018). Gut microbiome 

produce several vitamins B and K2, these vitamins are beneficial to the host as 

they are involved in certain human host pathways (Rowland et al., 2018). Apart 

from gut microbiota’s ability to root out energy from otherwise indigestible diet, 

the human gut microbiome serves as an immune organ. It has an influence on 

maintaining host health through immune sensitisation (Takiishi et al., 2017); 

inhibiting pathogen colonization, and keeping the intestinal mucosa healthy 

(Alessandri et al., 2019). The gut microbiome is unique for every individual and 

the definition of a healthy gut is still being debated (McBurney et al., 2019). 

However Firmicutes, Bacteroidetes, Actinobacteria, and Proteobacteria phyla are 

the most dominant in the healthy human gut (Rinninella et al., 2019). 

Abnormalities in the gut microbiome have been considered to contribute to the 

large spectrum of diseases and disorders ranging from inflammatory bowel 

diseases (IBD),  irritable bowel syndrome (IBS), diabetes, allergic disease, 

cancer to neurodevelopmental illnesses (Dąbrowska and Witkiewicz, 2016). 

There is still a lot of debate on what shapes an individual’s microbiota profile, and 
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the focus of this study is on the role of the host genomic variation and exposure 

to selected therapeutic drug exposures on the gut bacterial diversity.  

1.3 Human genetic variation shaping the microbiome 

Previously, host genetic profiles with variations in microbiome composition were 

mostly done in mice models (Jin et al., 2015). Progressively, studies on humans 

have established a component of gut microbiome heritability. This is supported 

by observations from a UK study by Goodrich et al. (2014) which showed that 

microbiome profiles were more similar among monozygotic than dizygotic twins, 

an indication of the role of the underlying human genome on microbiome profiles. 

The study became a point of reference and gave rise to microbiome-wide 

association studies (mGWAS) (Blekhman et al., 2015; Bonder et al., 2016; 

Davenport et al., 2015; Goodrich et al., 2016; Turpin et al., 2016; Kolde et al., 

2018) using candidate-gene approaches to evaluate the interactions between 

microbiomes and host genetic variability. However, Scepanovic et al. (2019) did 

a similar study but none of the loci reached genome-wide significance threshold. 

Although Rothschild et al. (2018) did a similar study to Goodrich et al. (2014), 

heritability index indicated that the environment had a huge effect in shaping the 

gut microbiome profiles compared to genetics. Several host genes have been 

shown to influence human microbiota profiles and examples include Van Gogh-

Like Protein 1 (VANGL1), Leucine Rich Repeat And Ig Domain Containing 

(LINGO2), Neural Cell Adhesion Molecule 1 (NCAM1), Pleckstrin homology 

domain-containing family A member 5 (PLEKHA5) and Intersectin 1 (ITSN1) 

(Bonder et al., 2016); Lactase (LCT), cluster of differentiation 36 (CD36) and 

Guanine Nucleotide-Binding Protein Subunit Alpha-12 (GNA12) (Goodrich et al., 

2016); Vitamin D receptor (VDR), Shroom Family Member 3 (SHROOM3) (Wang 

et al., 2016); Fucosyltransferase 2 (FUT2) (Kolde et al., 2018) and many more 

genes. Below we give more details on host genes that form a major part of the 

focus of this project.  

1.3.1 Fucosyltransferase 2 (FUT2) gene 

The fucosyltransferase 2 gene (FUT2 
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) is located on chromosome 19 and encodes α(1,2) fucosyltransferase protein 

(Kaur et al., 2022; McGovern et al., 2010). The gene has nine exons in total and 

more than 2000 single nucleotide polymorphisms (SNPs). The protein changes 

type 1 N-acetyllactosamine glycan chains to H antigen required in the soluble A 

and B antigen synthesis pathway (Sugiyama et al., 2016). Non-secretor 

individuals do not express active enzyme due to a non-sense mutation in the 

FUT2 gene and therefore they are not able to express the ABH antigens in their 

mucus and other secretions (Kaur et al., 2022). The mucosal ABH blood group 

antigens are known to serve as energy source and adhesion receptors for many 

microbes in the gut (Josenhans et al., 2020). This gene is a known risk factor for 

Crohn’s disease. SNP rs601338 is located in exon 2 (Velkova et al., 2017) and 

the rs601338A variant results in a premature stop codon, rendering A/A genotype 

carriers as non-secretors (Wacklin et al., 2011). The allele frequencies of 

rs601338 are scarcely reported on African populations, however a study by 

Oussalah et al. (2012) conducted on western Africans of Togo and Benin reported 

43% of the A “non-secretor” allele. Non-secretors have been found to have lower 

abundance and diversity of Bifidobacteria longum as compared to the secretors 

(Kolde et al., 2018). Bifidobacteria longum is known to utilise mucus-derived 

fucose as a carbon source for energy. Bifidobacteria longum has been associated 

with a number of benefits, such as to enhance the intestinal barrier function and 

regulate the gut microbiota, to name a few (Yao et al., 2021). 

1.3.2 Neural cell adhesion molecule 1 (NCAM1) 

The neural cell adhesion molecule 1 (NCAM1) gene encodes a cell adhesion 

protein. This gene is located on chromosome 11 and contains nearly 70000 

SNPs. The encoded protein is a member of the immunoglobulin superfamily and 

play a role in cell-to-cell/matrix interactions during embryonic development and 

differentiation (Deak et al., 2005). NCAM1 also plays a role in the expansion of T 

cells and dendritic cells, which in turn play a role in immune surveillance (Ziegler 

et al., 2017). Reduced expression of NCAM1 on the epithelia could alter the anti-

bacterial immune responses, therefore shaping the gut microbiome profiles. 

Alternative splicing results into nearly 30 different isoforms of NCAM1 protein of 

varying lengths, such as NCAM-120, NCAM-140, and NCAM-180, to name a few. 
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The rs17115310 SNP is located in the intronic region, its allele frequencies have 

not yet been published anywhere else except in The 1000 Genomes Project 

Consortium (2015), indicating that the G allele frequency of this SNP was 28%. 

Only Bonder et al. (2016) was able to associate this SNP with family 

Acidaminococcaceae of the gut microbiome. 

1.3.3 Shroom Family Member 3 (SHROOM3) gene 

SHROOM3 gene is located on chromosome 4 with more than 70000 SNPs. This 

gene encodes a postsynaptic density-95 (PSD-95)/Discs Large (Dlg)/Zonula 

occludens-1 (PDZ) domain-containing protein. SHROOM3 has emerged as a 

gene that is essential in the regulation of cell shape changes during the gut 

morphogenesis in humans (Chung et al., 2010). Intestinal epithelial cells link and 

form tight junctions which act as a physical barrier between the immune system 

and the gut microbiome (Lee et al., 2018). Changes in the structure and function 

of these epithelial junctions affects the permeability of the gut barrier. However, 

literature has no information on how the encoded protein shapes the gut 

microbiome. 

The rs11724031 SNP is located in an intron of this gene. According to “The 1000 

Genomes Project Consortium (2015)”, the frequency of rs11724031A allele is 

about 17% in African populations, 10% in Europeans and 7% in Asians. Wang et 

al. (2016) reported an association between rs11724031 and Marinilabiliaceae 

family of the gut bacteria. However, like rs17115310, there are very few studies 

that have reported on the rs11724031 SNP. 

1.3.4 Vitamin D receptor (VDR) gene 

The VDR is a well-known receptor for secondary bile acids and the gene is 

located on the long arm of chromosome 12 and frequently studied for vitamin D 

activities. The VDR gene comprises of 30 exons with more than 2200 SNPs 

reported. Variation in this gene may alter the expression or the function of the 

VDR protein and the most studied polymorphisms are denoted BsmI TaqI, and 

ApaI, respectively. 
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The BsmI polymorphism is located in the eighth intron at the 3′-untranslated 

region (UTR) of this gene and the polymorphism does not change the amino acid 

sequence of the protein, resulting in a silent polymorphism. However, this 

polymorphism may influence VDR messenger ribonucleic acid (mRNA) 

expression and alter its stability (Vasilovici et al., 2019). ApaI polymorphism lies 

adjacent to BsmI, also in intron 8 at the 3′UTR of VDR (Vasilovici et al., 2019). 

TaqI polymorphism is located in exon 9, but like BsmI, this polymorphism results 

in a synonymous codon change (Vasilovici et al., 2019). 

It is also known that VDR promotes homeostasis within the gut microbiota with 

its antimicrobial properties by regulating the expression of antimicrobial peptides 

and defensins (Jin et al., 2015). In Vdr knockout mice, there was reduced 

abundance in Lactobacillus but the opposite in Clostridium and Bacteroides (Jin 

et al., 2015). Parabacteroides showed to be the most significant taxon whose 

abundance correlated with the polymorphism within this gene in humans. 

Olesen et al. (2007) reported minor allele frequencies (MAFs) to be 51%, 33% 

and 31% for ApaI, BsmI and TaqI, respectively in Guinea-Bissau. Another study 

in Ethiopia (Ahmed et al., 2019) reported that the minor allele frequencies of 

TaqI(G) and ApaI(G) to be 38% and 39% respectively. In a German cohort, an 

intron variant of the rs7974353 SNP was found to be associated with beta-

diversity and abundance of Parabacteroides (Wang et al., 2016). 

1.3.5 Lactase (LCT) gene 

The gene coding for the lactase enzyme, LCT, is located on chromosome 2. It 

encodes for an enzyme responsible for the catabolism of lactose, a sugar found 

dairy products, to glucose and galactose via its β-galactosidase site which are 

ready for absorption in the GIT. Lactase, the enzyme, is mainly expressed in cells 

lining the small intestine. Its pattern of expression decreases with age from 

neonatal period of weaning and minimally retained in adulthood. However, some 

individuals retain high levels of expression of this enzyme into adulthood, due to 

their genetic makeup. Variation in the expression of the LCT gene in adulthood 

has been associated with abundance of Bifidobacteria, which is one of the main 

commensal microbial taxa in the gut. Species in this order possess β-
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galactosidase activity which allows them to breakdown lactose and use it as a 

primary carbon source (Forsgård, 2019). A study by Liu et al. (2015), showed a 

positive relationship between carbon source and abundance of Bifidobacterium, 

therefore, in high expression of LTC one can speculate that there would be low 

levels of Bifidobacterium since a small portion of ingested lactose reaches the 

colon for bacterial use (Goodrich et al., 2016). 

The TwinsUK study by Goodrich et al. (2016) reported that a regulatory region 

located in the minichromosome maintenance complex component 6 (MCM6), a 

nearby gene, controls the expression of LCT. Few variations in this regulatory 

region have been identified, including C/T-13910 (rs4988235) which has been 

associated with lactose persistence trait in European populations (Bonder et al., 

2016; Goodrich et al., 2016). However, this single nucleotide polymorphism 

(SNP) does not explain this trait in African populations as the MAF is almost zero 

(Torniainen et al., 2009). Moreover, Goodrich et al. (2016) found rs2164210 to be 

associated with Bifidobacterium. rs7579771 is just a few base pairs away from 

rs2164210. Both SNPs remain understudied probably because they are found in 

the non-coding regions of the gene. Their allele frequencies in African populations 

are high, as per The 1000 Genomes Project Consortium (2015) C=12% and 

T=27%, respectively and could point to the variability in microbiome profiles 

observed among different people. In addition to host genetics, this study also 

examined the effects of exposure to antiretroviral therapy containing efavirenz 

and anti-coagulation therapy with warfarin. 

1.4 HIV management and treatment 

The Joint United Nations Programme on HIV and AIDS (UNAIDS, 2019) statistics 

have shown that there were 37.9 million people on average living with HIV in 2018 

worldwide with about 23.3 million on antiretroviral therapy (ART). As of November 

2019, there were 35 Food and Drug Administration (FDA) registered ART drugs. 

Common Combination ARV therapy (cART) regiments include; efavirenz (EFV) 

+ emtricitabine (FTC)/lamivudine (3TC) + tenofovir disoproxil fumarate (TDF). 
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1.4.1 Use of Efavirenz in HIV treatment 

Efavirenz is one of the frequently used oral non–nucleoside reverse transcriptase 

inhibitors (NNRTIs) used as a first line treatment against human 

immunodeficiency virus type 1 (HIV-1) infections. It is preferred for its lower cost 

in both developed and low-income countries (Naidoo et al., 2014). To maximise 

its efficacy, it is usually co-administered with either a protease inhibitor (PI) and/or 

with nucleoside reverse transcriptase inhibitors.  

Central nervous system (CNS) toxicity and psychiatric occurrences have been 

reported in more than 50% of patients who initiated efavirenz therapy (Mukonzo 

et al., 2013). Indicators of CNS toxicity include insomnia, depression, and 

hallucinations (Naidoo et al., 2014). The psychiatric adverse events are more 

frequent during the first days of treatment immediately after consuming the drug 

(Robarge et al., 2017). It is these side effects and high toxicity profile that lead to 

the discontinuation of the therapy. On the other hand, lower concentrations of 

efavirenz has been associated with failure of antiviral action of the drug. 

Efavirenz hinders the formation of viral double-stranded DNA from the single-

stranded viral RNA genome via binding to the hydrophobic region of the HIV-1 

reverse transcriptase enzyme which results in the enzyme conformation changes 

and prevents access to the substrates (Robarge et al., 2017). This action 

interferes with the synthesis of new virions and results in the reduction of viral 

RNA load and increase in cluster of differentiation 4 (CD4)+ cell count.  

Efavirenz is mainly cleared by the liver and the process is catalysed by 

cytochrome P450 (CYP) enzymes, mainly the isoform CYP450 2B6 (CYP2B6); 

and CYP1A2, CYP2A6, CYP3A4 and CYP3A5  to a lesser extent (Swart et al., 

2016; Wang et al., 2019). Through hydroxylation, this drug is bio-converted to 

mainly 8-hydroxyefavirenz. Some drugs taken in tandem with efavirenz affect its 

action by acting on these enzymes. Polymorphisms in the genes that encode for 

these enzymes are being extensively studied across different populations. 

Moreover, there are no studies showing how these drug metabolising enzymes 

of efavirenz lead to variability in the gut microbiome profiles. 
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Despite the improved efficacy of ART and its effectiveness against HIV, 

responses from patients have remained non-uniform. Some individuals 

experience gastrointestinal (GI) discomfort, yet others appear responding well 

(Gupta et al., 2012).  

1.5 Thromboembolic disorders management and treatment 

Thromboembolic diseases were reported to be accountable for a quarter of 

deaths in 2010 globally (Wendelboe and Raskob, 2016). These diseases 

encompass conditions such as venous thrombosis, pulmonary embolisms, 

stroke, and ischemic attacks. They occur when blood clots develop within blood 

vessels, subsequently moving through the bloodstream and obstructing the blood 

flow. Ischemic heart disease and stroke are the leading causes of death globally 

in 2019, as reported in the World Health Organization (WHO). (2020) The top 10 

causes of death (accessed 10/06/2023). However, in the African region, ischemic 

heart disease and stroke ranked in fourth and seventh places respectively. 

Anticoagulants are used to antagonise blood clotting cascades. The statistics on 

the use of these anticoagulants in Africa is not well published. 

1.5.1 Warfarin treatment 

Warfarin, known as Coumadin, is a derivative of coumarin that is commonly 

employed as a direct oral anticoagulant, as shown in Figure 1.1, to counteract 

blood clotting. It exerts its anticoagulant effects by effectively antagonizing the 

vitamin K-dependent clotting pathway. However, other oral anticoagulants such 

as dabigatran, rivaroxaban, edoxaban and apixaban have been introduced and 

their use is increasing worldwide but warfarin remains a drug of choice for more 

than five decades in most of Africa due to several factors that include affordability 

(Dalby et al., 2013; Pirmohamed, 2018; Mekaj et al., 2015; Laäs and Naidoo, 

2018). Although warfarin remains the most used, its use is constantly declining 

when compared to other anticoagulants. 
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Figure 1. 1 Comparison of the extent of use of different anticoagulants across the world (Lippi et 
al., 2017) 

Warfarin is composed of R and S enantiomers in racemic proportions, however 

the S-enantiomer is more potent that than the R-enantiomer (Wittkowsky, 2003). 

Warfarin exerts its anticoagulative action by competitively inhibiting the action of 

vitamin K epoxide reductase complex 1 (VKORC1), an essential enzyme involved 

in activating the vitamin K available (Stafford, 2005). This mechanism reduces 

the availability of active vitamin K. This vitamin is a cofactor for the synthesis of 

all of these vitamin K-dependent clotting factors (II, VII, IX, and X), therefore its 

depletion will reduce synthesis of these clotting factors (Patel et al., 2019). 

Lately, literature on the influence of genetics on the metabolism of warfarin in 

African populations is expanding (Perera et al., 2013; Bader and Elewa, 2016; 

Kudzi et al., 2016; Ndadza et al., 2019). The S-enantiomer is predominantly 

metabolised by CYP2C9 and on the other hand, the R-enantiomer by CYP3A4. 

CYP1A1, CYP1A2, CYP2C8, CYP2C9, CYP2C18 and CYP2C19 are other 

enzymes that play minor roles. Variation in these genes involved in warfarin 
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metabolism continues to be studied in both African and non-African contexts 

(Stack and Maurice, 2016; Ndadza et al., 2019). 

Significant haemorrhage has been reported with the use of this anticoagulant. In 

addition, vomiting, abdominal pain, and change in sense of taste are some of the 

observed adverse effects (Patel et al., 2019).  With a narrow therapeutic index; 

lengthy onset of action; volatile response demanding a recurrent monitoring of 

the International Normalised ratio (INR) and dose adjustment, the use of warfarin 

proved to be very complex (Dalby et al., 2013). 

1.6 Gut microbiome and drug metabolism 

Variation in human gut microbiome has also shown to play a role in drug 

metabolism (Das et al., 2016). This was well  summarised in ElRakaiby et al. 

(2014); Wilson and Nicholson (2017); Das et al. (2016) that gut microbiome co-

metabolises drugs and xenobiotics. The microbiome can have a direct effect on 

drug metabolism by encoding enzymes that bio-transform drug molecules that 

are usually poorly metabolised or conjugated that reach the intestines. In addition, 

the microbiome may compete with the drug molecules over the metabolising 

enzymes (Zimmermann et al., 2019). Microbiomes are said to have the ability to 

synthesize molecules which can affect the expression levels of important drug 

metabolising enzymes, such as CYP and N-acetyltransferases (Das et al., 2016; 

Clarke et al., 2019). All these can alter the efficacy and toxicity of the drug. 

Studies show more than 40 drugs that are metabolised by gut microbiome and 

most of this drug-microbiome induction is in an online platform 

“PharmacoMicrobiomics: The Drug-Microbiome Portal; 

http://pharmacomicrobiomics.com/” (Aziz et al., 2011). However, there has been 

a very little progress on this platform and very little is known about the gut 

microbiome interaction with efavirenz and warfarin. 

Recently, Zimmermann-Kogadeeva et al. (2019) built a pharmacokinetic model 

of drug metabolism in the mouse that takes into consideration both host and 

microbiota contributions to metabolism of three drugs. This model successfully 

predicted serum levels of metabolites of three different drugs, showing the 

http://pharmacomicrobiomics.com/
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potential inclusion of gut microbiome in predictive pharmacokinetic models of 

drug metabolism. 

Vitamin K is a cofactor necessary for a number coagulation factors (Scarpellini et 

al., 2009). Apart from the dietary vitamin K, several members such as Bacteroides 

and Enterobacter of the normal flora can synthesize vitamin K2 or menaquinone. 

Alteration of the microbiota which synthesize vitamin K, that antagonises warfarin 

action may therefore increase the risk of  arterial thromboembolic disease 

(Fischer et al., 2010). 

1.7 Drug influence on gut microbiome 

HIV infection on its own reciprocally depletes the CD4+ T cells, mostly the Th17 

cells. The Th17 cells are mostly found in the gut-associated lymphoid tissue 

(GALT). When the gastrointestinal barrier integrity is destroyed, it results in 

impaired immunity and microbial translocation (MT) which leads to chronic 

immune activation and/or inflammation leading disease progression. These 

immune activation/inflammatory changes are reduced but persist in the presence 

of ART (Li et al., 2016). Although initiation of ART does not completely restore 

the gut microbiome, studies have shown that the use of ART also exert changes 

to the gut microbiome. In an in vitro study  aiming to show that ART has an 

antibacterial effect on selected strains found in gut microbiota, EFV was among 

the drugs that showed antibacterial activity against Bacillus subtilis (Shilaih et al., 

2018). Pinto-Cardoso et al. (2017) compared the gut microbiome of both HIV 

negative and positive subjects on ART based on either EFV or ritonavir. Several 

taxa of family Ruminococcaceae and specifically Faecalibacterium prausnitzii 

were depleted in ART treated individuals as compared to the HIV negative ones. 

A longitudinal study by Ji et al. (2018) where EFV was part of the regimen, the 

abundance of Proteobacteria and Fusobacteria phyla was relatively higher after 

the initiation of ART. This evidence supported the findings in (Pinto-Cardoso et 

al., 2017). In a recent study (Sortino et al., 2019) on age and sex-matched Thai 

population who had EFV as part of their regimen, higher proportions of 

Proteobacteria and Fusobacteria; and reduced abundance of Bacteroidetes 

members were observed post-ART compared with pre-ART. These three studies 
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show a common decrease in abundance of Fusobacteria members following 

exposure to ART. Literature on gut microbiome changes in humans due to 

warfarin exposure are very limited. A study in mice reported a significant increase 

in a warfarin dose dependent Actinobacteria phylum pre and post-warfarin 

exposure (Quarta et al., 2015). 

1.8 Rationale 

African populations have the largest genetic diversity; however, these 

populations have been underrepresented in scientific research as compared to 

other populations (Campbell and Tishkoff, 2008; Choudhury et al., 2018). There 

is extensive information on the host genetic influence on gut microbiome profiles, 

mainly on the European populations (Goodrich et al., 2014; Blekhman et al., 

2015; Bonder et al., 2016; Goodrich et al., 2016; Turpin et al., 2016; Kolde et al., 

2018; Wang et al., 2016). To date, comprehensive studies on the role of host 

genetics in shaping the gut microbiome profiles in African populations remain 

strikingly low. With so much genetic diversity in African populations, conclusions 

cannot be made in an African context based on the existing information. Large 

number of genetic loci have been identified and associated with gut microbiome 

profiles but few of them have been replicated across the existing studies, thus it 

is important to investigate host genetics-microbiome interaction. 

Significant work has been done on the pharmacogenetics of both efavirenz 

(Swart et al., 2012a, 2012b; Pinillos et al., 2016; Swart et al., 2016; Reay et al., 

2017) and warfarin (Schapkaitz and Sithole, 2017; Jacobs et al., 2017; Ndadza 

et al., 2019) in an African context. Also, the influence of drug exposure (mostly 

antibiotics) on the gut microbiome profiles has been explored but the information 

relating to efavirenz and warfarin is limited. Moreover, the attempt to address 

these gaps on possible influence of both host genetics and individual drug 

(efavirenz and warfarin) in shaping the gut microbiota remain poorly understood, 

it would therefore be important to look at this complex interaction. 
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1.9 Aims and Objectives 

1.9.1 Aim 

The overall aim of this study was to investigate the effects of host genetic 

variation and drug exposure (efavirenz and warfarin) on gut microbiome profiles 

in African patients. 

1.9.2 Objectives 

In order achieve the abovementioned aim, the following objectives were outlined:  

1) To identify participants within the Pharmacogenomics group with 

information on warfarin or efavirenz use as well as availability of quality 

DNA 

2) To use literature to select candidate host genes that have been reported 

to affect host microbiomes 

3) To characterise SNPs in the candidate genes, FUT2, NCAM1, 

SHROOM3, VDR & LCT 

4) To compare distribution of genetic variants of this study with African 

American, Luhya, Mende, Yoruba, European and East Asian populations 

5) To determine the plasma drug levels in selected patients 

6) To characterise the gut microbiome profiles 

7) To correlate host genome, drug treatments (efavirenz and warfarin) and 

microbiome profile 
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CHAPTER TWO: MATERIALS AND METHODS 

2.1 Study participants’ recruitment, ethics and sample collection 

Six hundred and forty-seven participants of Zimbabwean origin were included in 

this project from the Pharmacogenomics biorepository, based on the availability 

of DNA. These participants included some participants who were on treatment 

with either warfarin (i.e. warfarin group), antiretroviral therapy (ART) containing 

efavirenz (EFV-group) or were not on any treatment (control group). All the 

participants were 18 years of age and above. Of the participants on warfarin, 21 

had plasma warfarin maximum concentration levels while of those on ART, 38 

had plasma efavirenz concentrations. In addition to DNA and/or plasma drug 

concentration levels, both groups had stool samples available, including 35 of the 

control group. Demographic and clinical information of the participants were also 

available. The study was approved by the University of Cape Town, Faculty of 

Health Sciences Human Research Ethics Committee, HREC Ref: 707/2018. 

2.2 Genotyping for single nucleotide polymorphisms 

2.2.1 Primer designing 

In order to successfully amplify the targeted genic regions, primers were designed 

to amplify DNA regions that included the SNPs or gene fragments of interest. The 

primers were designed using Primer-BLAST 

(https://www.ncbi.nlm.nih.gov/tools/primer-blast/) and IDT PrimerQuest Tool 

(https://eu.idtdna.com/primerquest/home/index) online platforms. Preferred pairs 

of primers were generally 18-22 bases long, had guanine-cytidine (GC) content 

between 40 and 60%, melting temperature (Tm) ranging from 50˚C to 64˚C and 

self-3’ complementarity less than 4. The values of Gibbs free energy were also 

considered to assess the formation of secondary structures. An online tool, 

OligoAnalyzer from IDT, was used to determine the possibilities of formation of 

secondary structures, by mainly focusing on the formation of hairpins, self-dimers 

and hetero-dimers within and between the primer pairs. Primers that required 

more than 5 dG (kcal/mol) to break these secondary structures were ruled out. 

Primer-BLAST tool was used to confirm if the selected pair of primers was 

amplifying the desired gene and expected amplicon size without the possibility of 

https://eu.idtdna.com/primerquest/home/index
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amplifying undesired regions. The selected primers were synthesized by Inqaba 

Biotec™ (Inqaba Biotechnical Industries (Pty) Ltd, Sub-Saharan Africa). 

 

2.2.2 Polymerase Chain Reaction (PCR) 

To attain the maximum yield during amplification, PCRs were optimised for each 

primer pair. Each reaction was carried out in a total volume of twenty-five 

microliters, comprising 2 µL of at least 50 ng DNA template, 0.5 U GoTaq 

Polymerase (Promega Cooperation, Madison, USA), 0.4 µM each of primers 

(Inqaba Biotechnical Industries (Pty) Ltd, Sub-Saharan Africa), 1X Green 

GoTaq® Reaction Buffer (Promega Cooperation, Madison, USA) and 0.4 mM 

deoxyribonucleotide triphosphates (dNTPs) (Bioline, Memphis, USA). Using a 

T100™ Thermal Cycler (Biorad Laboratories, California, USA), temperature 

gradient ranging from 48 °C to 65 °C was evaluated to determine the optimal 

annealing temperatures (Ta) for each reaction. The best annealing temperatures 

which resulted in clean and clear DNA bands on agarose gels were used for PCR. 

The number of cycles for PCR ranged from 25 to 35 times. Depending on the 

expected length of the product, primer extension times differed from 40 s to 45 s. 

Once the optimal conditions were obtained for each primer set, the DNA 

fragments were then amplified using T100™ Thermal Cycler (Biorad 

Laboratories, California, USA). The optimal PCR conditions used in this study are 

listed in Table 2.1. Successful PCR was confirmed by electrophoresing 5 µL of 

the product on 1.5% (or 1% for VDR SNPs) agarose gel stained with either 

SYBR® Safe DNA Gel Stain or GelRed® Nucleic Acid Gel Stain (Biotium, CA, 

USA) at 90 Volts (V) for an hour. 100 (base pair) bp plus Gene Ruler 

(ThermoScientific, Wilmington, USA) molecular weight marker was included 

during electrophoresis to track the migration of the fragments. Since DNA is 

negatively charged, it therefore migrated towards the anode under the imposed 

electrical current from the cathode in 1X Tris/Borate/EDTA (TBE) buffer. Agarose 

gel images were captured using UVITEC Cambridge Gel Documentation System. 
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2.2.3 Restriction Fragment Length Polymorphism (RFLP) 

In order to distinguish different allelic variants and therefore different genotypes, 

RFLP is still one of the preferred techniques to date. The technique detects the 

polymorphisms by use of restriction enzymes (Williams, 1989). These enzymes 

bind on their recognition sites of the amplicons and cleave the DNA resulting in 

unique banding patterns on the gel. An online tool, NEBcutter V2.0 (New England 

Bio systems®) (http://nc2.neb.com/NEBcutter2/) was used to select respective 

enzymes whose restriction sites or sequences were affected by the 

polymorphisms. NEBcutter V2.0 shows all the possible enzymes that recognise 

the input DNA sequence. Furthermore, the position of restriction and number of 

sites is presented for each enzyme. An enzyme was selected if it recognised the 

polymorphism of interest and based on the number of recognition sites it had on 

the amplicon, enzymes with too many binding sites was excluded. Additionally, 

NEBcutter V2.0 also shows the expected band sizes for the selected enzyme. 

Enzymes whose resulting bands had less than 40 bp were ruled out, since it may 

be difficult to separate using agarose gel electrophoresis. Polymorphisms either 

create or abolish recognition sites for the enzymes. After the incubation, the 

digested DNA forms a unique banding pattern observed on appropriate 

percentage gels (ranging from 1.5% up to 3%) stained with GelRed® Nucleic Acid 

Gel Stain and ran at 120V for an hour, followed by 30 minutes at 80V. In this 

study, FUT2 rs601338G/A, NCAM1 rs17115310C/G, SHROOM3 

rs11724031G/A and VDR gene SNPs were genotyped using PCR-RFLP. 

However, for VDR 1.5% agarose gel was used and ran for 2 hour 30 minutes at 

75 V, adapted from Uitterlinden et al. (1996). 

 

2.2.3.1 Genotyping Fucosyltransferase 2 (FUT2) rs601338G/A 

This SNP was genotyped using PCR-RFLP method. The PCR reaction was set 

up as described above (in 2.2.2) and the cycling conditions were described on 

Table 2.1 to yield a 195 bp amplicon. The relative amplicon size was visualised 

on 1.5% agarose gel that was run at 90 V for one hour, stained with SYBR® Safe 

DNA Gel Stain. For RFLP, 7 μL of the PCR product was subsequently digested 

using 10 units of BfaI enzyme by incubating at 37 °C for 16 hours in a CutSmart® 

http://nc2.neb.com/NEBcutter2/
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Buffer. The enzyme has one restriction site on this amplicon in the presence of A 

allele, resulting in the generation of two fragments; 138 bp and 57 bp. The 

presence of G allele results in the loss of restriction site, leaving the amplicon as 

it is, 195 bp. These banding patterns were visualised on a 2.5% agarose gel 

stained with GelRed® Nucleic Acid Gel Stain and ran at 120 V for an hour, 

followed by 30 minutes at 80 V against 100 bp DNA ladder. Figure 2.1 below is a 

schematic diagram of where the rs601338G/A is located in the FUT2 gene. 

 
Figure 2. 1: Schematic representation of FUT2 gene. Adapted from “AceView: Gene:FUT2, a 

comprehensive annotation of human, mouse and worm genes with mRNAs or ESTsAceView.,” 

(accessed 16/07/2020) 

 

2.2.3.2 Genetic characterisation of Neural cell adhesion molecule 1 (NCAM1) 

rs17115310C/G 

This SNP was also genotyped using PCR-RFLP method. The PCR reactions was 

set up to 25 μL as described above. The cycling conditions were described on 

Table 2.1, yielding a 351 bp amplicon. The relative amplicon size was visualised 

on 1.5% agarose gel that was run at 90 V for one hour, stained with SYBR® Safe 

DNA Gel Stain. In the step for RFLP, 10 μL of the PCR product was digested 

using 10 units of PvuII enzyme by incubating at 37 °C for 16 hours in a NEBuffer™ 

3.1. In the presence of G allele, this enzyme has one restriction site on this 

amplicon, resulting into two fragments; 210 bp and 141 bp. The presence of C 

allele results in the loss of restriction site, resulting in no cleavage and leaving 

the amplicon as it is, 352 bp. To visualise these bands, 2.5% agarose gel stained 

with GelRed® Nucleic Acid Gel Stain was ran at 120 V for an hour, followed by 

30 minutes at 80 V against 100 bp DNA ladder. Figure 2.2 below is a schematic 

representation of rs17115310 SNP location. 
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Figure 2. 2: Schematic representation of rs17115310 SNP location 

 

2.2.3.3 Evaluating the presence of SHROOM3 rs11724031G/A polymorphism 

This SNP too was genotyped using PCR-RFLP method. After the PCR described 

on Table 1, the resulting amplicon was 369 bp in length. To do the RFLP, 10 μL 

of the PCR product was digested using 10 units of HinP1I enzyme by incubating 

at 37°C for 16 hours in a CutSmart® Buffer. The presence of G allele brings about 

one restriction site for this enzyme on this amplicon, resulting in the generation 

of two fragments; 244 bp and 125 bp. The presence of A allele destroys the 

restriction site, leaving the amplicon as it is, 369 bp. This banding patterns were 

visualised on a 2,5% agarose gel stained with GelRed® Nucleic Acid Gel Stain 

and ran at 120V for an hour, followed by 30 minutes at 80V against 100bp DNA 

ladder 

 

2.2.3.4 Genotyping for mutations in the vitamin D receptor (VDR) gene 

Three SNPs in this gene, namely BsmI, ApaI and TaqI were investigated. These 

SNPs, named after the enzymes that digest each SNP are relatively close to one 

another, making it simpler to cover them in one amplicon as shown in Figure 2.3. 

 
Figure 2. 3: Schematic representation of the SNPs studied in the VDR gene (Colombini et al., 
2016). 
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PCR was set up as described in Table 2.1, adapted from Uitterlinden et al. (1996) 

yielding an amplicon that was 2229 bp long. The PCR gel was 1% agarose, ran 

at 80 V for 90 minutes, stained with GelRed® Nucleic Acid Gel Stain using 

O’GeneRuler 1 kb DNA Ladder (ThermoScientific, Waltham, USA) as reference 

of migration. RFLP was run simultaneously, 5 units of each of the three enzymes 

in one reaction with CutSmart® Buffer. Incubation was done at 37 °C for 2 hours 

and at 65 °C for 2 hours. 

 

2.2.4 DNA preparation for sequencing 

In some cases, after PCR, some samples were prepared for sequencing, either 

to confirm the results of RFLP or using Sanger sequencing as the genotyping 

method. The preparation method is an enzymatic procedure that removes excess 

reagents unincorporated during the PCR and involves Exonuclease I (ExoI) and 

FastAP™ Thermosensitive alkaline phosphatase (ThermoScientific, Waltham, 

USA). ExoI degrades the single stranded DNA, therefore targeting 

unincorporated primers whereas FastAP gets rid of excess dNTPs through 

dephosphorylation. In each reaction, 5 μL of the PCR product, 1U of FastAP, and 

4U of Exo1 were added, and the reaction volume was adjusted to 20 μL using 

nuclease-free water. The clean-up reaction was performed at 37 °C for an hour 

followed by inactivation of both enzymes at 75 °C for 15 minutes in a BioRad 

MyCycler Thermal cycler (BioRad Laboratories, California, USA). The success 

this procedure was confirmed by electrophoresing 5 µL of the product on 1.5% 

agarose gel stained with either SYBR® Safe DNA Gel Stain or GelRed® Nucleic 

Acid Gel Stain (Biotium, CA, USA) at 90 V for an hour against 100 bp plus Gene 

Ruler (ThermoScientific, Wilmington, USA). A clear gel picture without any 

nonspecific PCR products, excess primers and dNTPs was expected before 

commencing with downstream applications such as sequencing. 

 

2.2.4.1 Sanger sequencing 

Sanger sequencing, also known as chain termination method, is a genotyping 

method that determines the linear arrangement of nucleotides on a DNA 
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fragment. Proceeding from the post PCR clean-up step, the PCR was subjected 

to sequencing. Cleaned PCR products were sequenced using Big-Dye 

Terminator V3.1 cycle sequencing kit (Life Technologies, CA, USA). Ten 

microliters reaction consisted of 1.5 μL of PCR product, 2 μL of 2.5 X Big-Dye 

Terminator mix (Life Technologies, CA, USA), 2 μL of 5X Big-Dye Sequencing 

buffer (Life Technologies, CA, USA), 3.5 μL of nuclease-free water (Adcock 

Ingram, Johannesburg, South Africa) and 1 µL 10 mM (final concentration of 0.4 

µM) primer of choice. Sequencing was carried out in an Applied Biosystems 

SimpliAmp Thermal Cycler (Applied Biosystems, CA, USA) with the following 

conditions: an initial denaturation at 98 °C for 5 minutes, followed by 40 cycles of 

denaturation at 96 °C for 30 seconds, annealing at 50 °C for 15 seconds, and 

finally extension at 60 °C for 4 minutes.  Post sequencing clean-up was done with 

ethanol/EDTA precipitation. Capillary electrophoresis of sequenced products was 

done on the ABI 3730xl DNA Analyzer (Applied Biosystems, CA, USA). SNPs in 

the LCT (Minichromosome Maintenance Complex Component 6, MCM6) gene 

were genotyped using this method. It is regarded as gold standard and was also 

used to validate the genotypes of the SNPs characterised through PCR-RFLP 

method. Figure 2.4 below is a schematic representation of the SNPs upstream of 

the LCT gene where rs2164210 and rs7579771 are located. 

 
Figure 2. 4: This is a schematic representation of the SNPs upstream of the LCT gene the 
primers of this study amplify a fragment 
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 Table 2. 1: PCR and RFLP conditions for all SNPs genotyped using the method 

SNP Primers (5’-3’) 

 

Cycling conditions Amplicon 

size (bp) 

Restrict

ion 

enzyme 

Recognition site Digested 

fragments 

FUT2 rs601338 

G/A 

F: 

GAGGAATACCGCCACATCCCGGGGGAGTAC 

R: 

ATGGACCCCTACAAAGGTGCCCGGCCGGCT 

94 °C for 3 min; 94 °C for 30 s, 

72 °C for 40 s, 30 cycles; 72 °C 

for 10 min 

195 BfaI 5'...CTAG...3' 

3'...GATC...5' 

A: 138 bp, 57 bp 

G: 195 bp 

NCAM1 

rs17115310 C/G 

F: CTGGGTTGAGAGACTGAGAAAG 

R: CAGCATCAGGACATGGACTAC 

94 °C for 3 min; 94 °C 30 s, 57 

°C for 30 s, 72 °C for 45 s, 30 

cycles; 72 °C for 5 min 

351 PvuII 5'...CAGCTG...3' 

3'...GTCGAC...5' 

G: 210 bp, 141 bp 

C: 351 bp 

SHROOM3 

rs11724031 G/A 

F: CTCTTTGAAGCTGAGTAGAGT 

R: AACAGGATTGACAGACAAGA 

94 °C for 3 min; 94 °C 30 s, 54 

°C for 30 s, 72 °C for 45 s, 30 

cycles; 72 °C for 5 min 

369 HinP1I  

5'...GCGC...3' 

3'...CGCG... 5' 

G: 244 bp, 125 bp 

A: 369 bp 

VDR rs1544410 

G/A 

F: 

CAACCAAGACTACAAGTACCGCGTCAGTGA 

R: GCAACTCCTCATGGCTGAGGTCTC 

95 °C for 3 min; 94 °C for 1 min, 

60 °C for 1 min, 72 °C for 1 min, 

35 cycles; 72 °C for 10 min 

2229 BsmI 

 

5’…GAATGCN…’3 

5’…CTTACGN…’3 

G: 

A: 

rs7975232 C/A ApaI 5’…GGGCCC…’3 

5’…CCCGGG…’3 

C: 

A: 

rs731236 

T/C 

TaqI 5’…TCGA…’3 

5’…AGCT…’3 

T: 

C: 

LCT 

rs2164210 T/C 

F:  GAAGTGCCTGCAAACAGATAAA 

R:  GTCTCAAGTAGGGCTCAAGAAT 

94°C for 3 min; 94°C 30 s, 53°C 

for 30 s, 72°C for 40 s, 30 

cycles; 72°C for 10 min 

574 Not applicable 

rs7579771 

T/A 
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2.2.5 Gut microbial characterisation by sequencing 16S ribosomal RNA (rRNA) 

16S ribosomal Ribonucleic Acid (16S rRNA) gene 

The 16S ribosomal RNA (rRNA) is a 1.5 kilobase pairs (kbp) gene that forms part 

of 30S ribosomal subunit. This gene essential in mRNA translation and is widely 

present in all bacteria. It contains both conserved and variable sequence regions. 

Culture-based methods of microbial identification are slowly becoming a thing of 

the past. In an era where DNA sequencing is improving and decreasing in cost, 

16S rRNA sequencing technology has enabled wide spectrum identification of 

microbial taxa and it has now become the standard for prokaryotic taxonomy 

(Osman et al., 2018). It is among the most well-studied and characterised genes 

whose information is well documented on databases. The gene has both highly 

conserved regions and hypervariable regions, V1 to V9 (Osman et al., 2018). The 

V4 region is the most studied and MetaHIT consortium (Lozupone et al., 2013) 

has recommended it as a gold standard to characterise the human gut 

microbiome composition. Conversely, whole genome or shotgun metagenomics 

sequencing can be used as an alternative to 16S rRNA sequencing, however, 

this technique is costly compared to the 16S rRNA sequencing. 

 

2.2.5.1 Gut bacterial DNA extraction 

Analysis of the bacterial composition within the gut begins with the extraction of 

the DNA. In this study, the gut bacterial DNA was extracted from adults’ stool 

samples using ZymoBIOMICS™ DNA Miniprep Kit as per manufacturer’s 

instructions. Fifty milligrams of stool were carefully weighed in a bead-containing 

tube. This was proceeded by addition of 750 µL ZymoBIOMICS™ Lysis Solution 

and then fixed in Qiagen TissueLyser LT (Qiagen, Hilden, Germany) for 5 minutes 

at maximum speed. The small beads are highly effective to disrupt the bacterial 

cell walls and therefore maximise the yield. The tubes were centrifuged at 10000 

relative centrifugal force (rcf) to separate DNA from the unwanted cell debris. The 

resultant supernatant with DNA was filtered through Zymo-Spin™ III-F Filter to a 

Collection Tube and centrifuged at 8000 rcf for 60 seconds. The use of binding 

buffer enabled the DNA to bind onto the column. The wash buffers removed the 

traces of salts and proteins before elution with DNase/RNase Free Water. Further 
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filtration was done in ZymoBIOMICS™ HRC Prep Solution and stored in -20 °C 

until further analysis. DNA was quantified using NanoDrop® ND-1000 

Spectrophotometer (Thermo Fisher Scientific, Wilmington, DE, USA).  

 

In preparation of 16S rRNA library, quantitative PCR (qPCR) was performed 

using CFX Real Time Quantitative PCR Detection System (Biorad Laboratories, 

California, USA). A set of primers: 16S-F1 5′-CGAAAGCGTGGGGAGCAAA-3′; 

16S-R1 5′-GTTCGTACTCCCCAGGCGG-3′ and 16S-P1 6-FAM FAM-

ATTAGATACCCTGGTAGTCCA –MGB and the conditions were: 50 °C for 2 min; 

95 °C for 10 min; and 45 cycles of 15 seconds denaturation at 95 °C and 1minute 

annealing at 60 °C. 

 

2.2.5.2 Library Preparation 

Both long and short 16S PCRs were used successively to amplify the V4 region 

of the 16S rRNA gene using the universal PCR primers 515F 

(GTGCCAGCHGCYGCGGT) and 806R (GGACTACNNGGGTNTCTAAT). To 

assess validity of the experiments, between run repeat, within run repeat, water 

used during PCR, water spiked with known bacterial DNA, bacterial mock 

community DNA, sample storage medium or elution buffer, sample storage 

medium or elution buffer spiked, and extraction controls were included 

throughout. The PCR conditions were as follows: initial denaturation at 95 °C for 

3 minutes, cycle denaturation 95 °C for 30 seconds, annealing 50 °C for 30 

seconds, extension 72 °C for 1 second then final denaturation 72 °C for 5 

minutes. The difference was in number of cycles, 10 for short and 30 for long 

PCR reactions. The amplicons were purified using Agencourt AMPure XP System 

(Beckmann Coulter, Germany) on Agencourt SPRIPlate 96 super Magnet Plate. 

To confirm the size of the purified amplicons, they were electrophoresed in 1.5% 

agarose gel for 90 minutes at 110 V against Trackit 1kb Plus DNA ladder, 

followed by quantification using QuantiFluor™ dsDNA System. Purified 

amplicons were pooled, further cleaned-up and quantified using Qubit dsDNA 

Broad-Range (BR) Assay Kit (Thermo Fisher Scientific, USA). Library size was 

determined in 1.6% agarose at approximately 400bp before sending them to 
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Centre for Proteomic and Genomic Research (CPGR) for Illumina sequencing. 

The Illumina MiSeq platform generated 16S rRNA gene sequences in the form of 

fastq files which are compatible with Quantitative Insights Into Microbial Ecology 

(QIIME) pipeline. 

 

2.3. Data analysis 

2.3.1 Genotype analysis 

Baseline genotype and allele frequencies were calculated for all participants 

using SHEsis (Shi and He, 2005). Hardy Weinberg Equilibrium was tested, also 

using SHEsis (Shi and He, 2005) to test for genetic variation within the 

participants. Linkage disequilibrium (LD) analyses to assess the non-random 

association of alleles at different loci of the same gene in this population was 

carried out using SHEsis (Li et al. 2009). Other statistical tests were done using 

Stata 15.1 (StataCorp LP, Texas USA). 

 

2.3.2 16S rRNA Data processing 

Raw sequence data from Illumina was analysed using QIIME 2 2019.4 release 

(Bolyen et al., 2019). The visual computations were carried out through facilities 

provided by the University of Cape Town’s ICTS High Performance Computing 

team (UCT eResearch HPC, accessed 02 November 2019). Stages of 

microbiome data analysis are shown in Figure 2.5. The sequences were already 

demultiplexed at CPGR. In this stage, multiple sequences that were pooled 

together during the library preparation are traced back to the individual samples 

using the DNA barcodes which are unique to each sample. This stage of 

demultiplexing also includes the removal of these barcodes together with the 

primers. 
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Figure 2. 5: Microbiome data analysis workflow. Adapted from Kachambwa (2017) 

 

After demultiplexing, comes the stage of denoising using DADA2 for sequence 

quality control. This stage involves removal of noisy sequences. During PCR, two 

or more sequences of different parental origins may hybridize and become 

chimeric which do not exist in nature (de la Cuesta-Zuluaga and Escobar, 2016). 

DADA2 package automatically removes these chimeric sequences. Furthermore, 

isolated sequences that are only observed once, called singletons, are removed 

as they are considered erroneous by creating many false taxa, thereby 

overestimating diversity (Auer et al., 2017). Denoised sequence reads (forward 

and reverse) are joined in a paired-end manner, and then dereplicated to reduce 

Raw sequences 

Denoising 

Clustering 

Classification 

Phylogeny 
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Processing 
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computational time and file volume requirements in subsequent analysis 

producing amplicon sequence variants (ASVs). 

The stage of dereplication is also part of clustering. However, in the stage of 

clustering, there are three strategies of clustering sequences: de novo, closed- 

and open-reference clustering. In this study, de novo clustering was performed 

at 99% similarity to create 99% operational taxonomic units (OTUs). 

After clustering, the last stage of processing is classification, where organisms 

present in the samples are identified. This is done by aligning our ASVs with 

reference database of sequences with known taxonomy. In this study, 

GreenGenes dataset was used to for classification. Phylogeny was created and 

later used for diversity analysis. Biological Observation Matrix (BIOM) format was 

generated for further statistical analysis. 

Subsampling was performed at the lowest sequence depth (Horner-Devine et al., 

2004; Cárcer et al., 2011) to generate rarefaction curves for the estimation of gut 

bacterial richness. Alpha diversity was assessed using Shannon index and 

further supported using observed OTUs, Faith’s PD and Pielou’s evenness. 

Principal Coordinates Analysis (PCoA) (weighted UniFrac distance) was used to 

measure beta diversity in the gut bacteria composition. Both alpha and beta 

diversities were tested using permutation multivariate analysis of variance 

(PERMANOVA). 

Potential bacterial taxa in the study drug groups and their genetics were identified 

using Linear discriminant analysis Effect Size (LEfSe) tool (Segata et al., 2011). 

The alpha value for the factorial Kruskal-Wallis test among classes was set at 

0.05. The threshold of the logarithmic Linear discriminant analysis (LDA) score 

for discriminative features was set at the default 2.0. To account for multiple 

comparisons, p-values were adjusted based on the false discovery rate (FDR) 

method. The resulting q-values less than 0.2 were considered significant as in 

most studies (Human Microbiome Project Consortium, 2012; Aagaard et al., 

2013; Onywera et al., 2019).  
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CHAPTER THREE: RESULTS 

3.1. Demographic and clinical characteristics of participants 

The study cohort comprised a total of 647 participants of which 265 were on 

antiretroviral therapy (ART), 154 on warfarin and 228 were not on any therapy. 

Of the 467 participants, only 93 had stool samples from which microbiome 

samples could be analysed. Table 3.1 shows demographic features only for the 

participants who were further characterised for gut microbiome. All participants 

were above 18 years of age and the average age was 33 years. The cohort had 

an average BMI of 27 kg/m2 of which only one participant was underweight. The 

normal BMI ranges from 18.5 to <25 kg/m2 and our cohort was overweight. There 

were 92% women and the remaining 8% of men were from the warfarin group.  

All the participants  were from generally the same  geographical area  and   

consumed mainly  maize meal porridge.
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Table 3. 1 Demographic parameters for the participants include in this study 

 
Combined 

n=93 

Untreated 
control 
n=34 

Efavirenz 
n=38 

Warfarin 
n=21 

Age 
Median (IQR) 31 (26-38) 27 (23-33) 30 (26-34) 46 (41-52) 

BMI 
Median (IQR) 

26.15 
(24.05-29.1) 

26.5 
(24.7-31.2) 

25.7 
(24-28) 

27.94 
(22.86-33.06) 

Normal 22.7 
(21.75-24.2) 

22.75 
(22.2-24.5) 23.6 (22.2-24.3) 20.21 

(19.98-22.86) 

Overweight 27.5 
(25.9-28.3) 

26.6 
(25.6-28.3) 27.7 (25.9-28.4) 27.94 

(26.84-28.09) 

Obese 34.55 
(32.33-37.05) 

33.6 
(31.2-36) 35.6 (34.2-39.1) 35.35 

(33.06-39.79) 
Sex n=93 n=34 n=38 n=21 

Female 
n (%) 86 (0.92) 34 (1.00) 38 (1.00) 14 (0.67) 

Key: Only one person was under-weight with a BMI of 17.3. IQR= interquartile range, BMI= body mass index.  
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3.2 Quality, quantity and success of biological material preparation 

Genomic DNA was retrieved from the Pharmacogenomics biorepository. DNA 

purity and concentration were measured using a NanoDrop machine for all the 

available samples (647), 154 of warfarin group, 265 efavirenz group and 228 of 

the unexposed group. Furthermore, DNA integrity check was done in all 647 

samples using gel electrophoresis and the DNA was still intact in all samples. The 

DNA was used for characterisation of variation of the selected polymorphism 

associated with gut microbiome profiles. 

3.3 Genotyping for single nucleotide polymorphisms 

Primers were designed as described in section 2.2.1 to amplify the DNA regions 

in/near FUT2, NCAM1, SHROOM3 and VDR genes. All the PCRs were 

successfully optimised, however the PCRs for the SNPs in the VDR and LCT 

genes required an additional 0.5mM of magnesium (Mg+) to maximise the yield. 

Following the successful PCRs, RFLP and Sanger sequencing genotyping 

techniques were used as described in section 2.3 and 2.5 respectively. Below we 

show examples of successful PCR (Figure 3.1), RFLP (Figure 3.2) and Sanger 

sequencing techniques (Figure 3.3), respectively. 
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Figure 3. 1: A representative picture of a gel showing PCR fragments for SHROOM3 rs11724031G/A 
polymorphism. 1.5% agarose gel stained with SYBR® Safe DNA Gel Stain electrophoresed for 1 
hour at 90V, resulting in a 351bp fragment. The wells are in the order of molecular weight maker 
(MWM) of 100bp, non-template control (NTC), positive control (PC) and samples (1-6). 

 

Figure 3. 2: A representative gel showing a RFLPon a 2.5% GelRed stained agarose for NCAM1 
rs17115310C>G SNP after digestion with PvuII restriction enzyme. The G allele digests into two 
fragments while the C allele doesn’t have the restriction site for this enzyme. The gel was ran at 
120 V for an hour, followed by 30 minutes at 80 V. 

MWM   NTC      PC         1          2          3           4         5          6     

500bp 

369bp 

   MWM     UC       CC        GG        CG        CG       
CG        CC 

500bp
bp 351bp 

210bp 

141bp 
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Figure 3. 3: A representative electropherogram DNA sequence analysis for the SNPs 
rs2164210C and rs7579771T of LCT. Each peak and a colour represent a nucleotide. The 
highlighted regions of the electropherogram indicate variation in these SNPs, respectively. 

 

 

 

3.4 Distribution of genotypes for SNPs associated with microbiome 

profiles 

After genotyping candidate SNPs associated with gut microbiome profiles, 

genotype calls were made from the RFLP gels (Figure 3.2) and electropherogram 

(Figure 3.3) and shown in Table 3.2. Most of the SNPs were in Hardy-Weinberg 

equilibrium (HWE) except rs7975232 of VDR and rs7579771 of LCT. 
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Table 3. 2 Genotype distribution for variants associated with microbiome profiles 
as observed in the Zimbabwean population cohort. 

SNP Genotype or 
allele 

Combined, N 
(freq) 

Untreated, N 
(freq)  

Efavirenz 
treated, N 

(freq) 

Warfarin 
treated, N 

(freq) 

FUT2 rs601338 

G/G 199 (0.308) 69 (0.303) 78 (0.294) 52 (0.338) 
G/A 336 (0.519) 122 (0.535) 142 (0.536) 72 (0.468) 
A/A 112 (0.173) 37 (0.162) 45 (0.170) 30 (0.195) 
A 0.433 0.430 0.438 0.420 

NCAM1 rs17115310 

C/C 380 (0.587) 128 (0.561) 159 (0.600) 93 (0.604) 
C/G 232 (0.359) 88 (0.386) 91 (0.343) 53 (0.344) 
G/G 35 (0.054) 12 (0.053) 15 (0.057) 8 (0.052) 
G 0.233 0.246 0.228 0.224 

SHROOM3 rs11724031 

G/G 424 (0.655) 158 (0.693) 169 (0.638) 97 (0.630) 
A/G 198 (0.306) 64 (0.281) 81 (0.306) 53 (0.344) 
A/A 25 (0.039) 6 (0.026) 15 (0.057) 4 (0.026) 
A 0.192 0.167 0.209 0.198 

VDR rs1544410 

G/G 332 (0.554) 126 (0.633) 127 (0.502) 80 (0.544) 
A/G 228 (0.381) 61 (0.307) 108 (0.427) 58 (0.395) 
A/A 39 (0.065) 12 (0.060) 18 (0.071) 9 (0.061) 
A 0.255 0.214 0.285 0.259 

VDR rs7975232 

A/A 292 (0.487) 106 (0.533) 123 (0.486)  
A/C 291 (0.486) 91 (0.457) 116 (0.458)  
C/C 16 (0.027) 2 (0.010) 14 (0.055)  
C 0.270 0.239 0.285  

VDR rs731236 

T/T 344 (0.574) 123 (0.618) 128 (0.506) 93 (0.633) 
T/C 220 (0.367) 62 (0.312) 112 (0.443) 46 (0.313) 
C/C 35 (0.058) 14 (0.070) 13 (0.051) 8 (0.054) 
C 0.242 0.226 0.272 0.211 

LCT rs2164210 

T/T 49 (0.681) 15 (0.750) 26 (0.743) 13 (0.619) 
T/C 19 (0.264) 4 (0.200) 7 (0.200) 6 (0.286) 
C/C 4 (0.056) 1 (0.050) 2 (0.057) 2 (0.095) 
C 0.188 0.150 0.157 0.238 

LCT rs7579771 

A/A 42 (0.583) 13 (0.650) 23 (0.657) 10 (0.476) 
A/T 18 (0.250) 4 (0.200) 9 (0.257) 4 (0.190) 
T/T 12 (0.167) 3 (0.150) 3 (0.086) 7 (0.333) 
T 0.292 0.250 0.214 0.429 

Key: FUT2: fucosyltransferase 2; NCAM1: neural cell adhesion molecule 1; SHROOM3: Shroom 
Family Member 3; VDR: vitamin D receptor; LCT: Lactase 
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3.5 Baseline allele frequencies and their comparison to other populations 

All eight SNPs in/near the five genes known to shape the gut microbiome were 

characterised for. The allele frequencies of this study were calculated and then 

compared to six other populations as per The 1000 Genomes Project Consortium 

(2015) accessed via Ensembl (Cunningham et al., 2019) as shown in Table 3.3. 

The populations include four African, the African American (African Ancestry in 

Southwest US), Luhya in Webuye, Kenya, Mende of Sierra Leone and Yoruba of 

Ibadan Nigeria; and two non-African, East Asian and Europe in general. 

FUT2 rs601338A had the highest allele frequency (43%) as compared to other 

SNPs in our Zimbabwean Cohort. This was followed by LCT rs7579771T (29%), 

VDR rs7975232C (27%), VDR rs1544410T (26%), VDR rs731236G (24), NCAM1 

rs17115310G (23%); lastly SHROOM3 rs11724031A and LCT rs2164210C (both 

at 19%). The MAF of this study did not show any difference from that of the 

African American population in all the SNPs except rs7975232C variant of the 

VDR gene. The Luhya population allele frequencies only diverted from the 

Zimbabwean population on SNP rs2164210C of the LCT and is expected 

because they are both of African origin. When comparing the Zimbabwean 

population with that of Mende, it was only rs17115310G of NCAM1, rs7975232C 

of VDR and rs2164210C of LCT that reached the statistical significance. 

Unexpectedly, the Yoruba population showed a drift in allele frequencies of many 

SNPs (rs601338A, rs17115310G, rs7975232C, rs731236G, rs2164210C and 

rs7579771T) as compared to the Zimbabwean population of this study although 

they are both African populations.
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Table 3. 3: Allele frequency distribution and comparison between the current study and four other populations as published on 
The 1000 Genomes Project Consortium (2015) online database. 

Variant 
Current 
study 

African 
American 

Luhya Mende Yoruba European East Asian 

rs601338A 0.433 0.508  0.439  0.388  0.542 ** 0.441  0.004 ** 

rs17115310G 0.233 0.213  0.222  0.312*  0.315 ** 0.201  0.013 ** 

rs11724031A 0.192 0.139  0.182  0.135  0.222  0.098 *** 0.139 ** 

rs1544410T# 0.255 0.270  0.253  0.235  0.296  0.404 *** 0.064 ** 

rs7975232C# 0.270 0.369*  0.283  0.371 *** 0.398 ** 0.445 *** 0.709 ** 

rs731236G# 0.242 0.246  0.268  0.247  0.310*  0.400 ** 0.067  ** 

rs2164210C## 0.188 0.246  0.101*  0.088 ** 0.046 *** 0.595 ** 0.400 ** 

rs7579771T## 0.292 0.402  0.278  0.206  0.157 ** 0.595 *** 0.400 *  

# indicates n=72 were characterised, ## indicates n=599 were characterised, others n=647 was characterised for the others. *p<0.05, **p<0.01, ***p<0.001



36 
 

It was also observed that the frequencies of alleles rs601338A and rs17115310G 

in this study (43% and 23%, respectively) did not differ from the existing ones of 

the European population (44% and 20%, respectively) and the rest showed a 

significant difference. In addition to the comparison of the allele frequencies 

between the current study and the European populations, all the variants of all 

the SNPs showed statistically significant different allele frequencies compared to 

those of the East Asian population. This can be expected from the two 

populations since they are not African. 

3.6 Linkage disequilibrium (LD) analysis 

Haplotypes were generated for SNPs that were on the same genes and 

calculated using SHEsis (Shi and He, 2005; Li Z et al., 2009). Figure 3.4 shows 

the LD plots for LCT gene. The two SNPs had high D’ (D’=0.94) but with average 

R2 (R2=0.50) due to difference in allele frequency. The haplotypes for the two 

SNPs (rs17115310T>C - rs7579771A>T) showed that the T-A was the most 

common (0.70) followed by C-T (0.18), T-T (0.11) and the least common being 

C-A (0.01). 

 

Figure 3. 4: Linkage disequilibrium plots for LCT variants 
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Figure 3.5 shows the LD plots for SNPs in the VDR gene. The D’ is very strong 

between the BsmI and ApaI (D’=0.95) polymorphisms; and between ApaI and 

TaqI (D’=0.91) polymorphisms. However, these findings are conflicted with the 

R2 which shows that the SNPs are in weak LD. The GAT haplotype was found to 

be the most common at 39%. 

 

Figure 3. 5: Linkage disequilibrium plots for SNPs in the VDR gene 

 

Haplotype frequencies from the three SNPs in the VDR gene (rs1544410-

rs7975232-731236) were as follows, A-A-C (0.14), A-A-T (0.11), G-C-T (0.26), 

G-A-T (0.39), and G-A-C (0.091), respectively.  
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3.7 Variation on efavirenz and warfarin plasma levels 

From the 93 patients that were characterised for gut microbiome, plasma drug 

levels were available for 54 participants (i.e., 21 on warfarin and 33 on efavirenz 

treatment). With this data available, this study went further to evaluate the genetic 

models on the distribution of both efavirenz and warfarin although none of these 

SNPs had been reported to have any pharmacogenetic significance. 

3.7.1 Distribution of efavirenz plasma concentration 

The mean efavirenz levels was 2.78 µg/ml. The normal therapeutic range is from 

1 to 4 µg/mL. All the 33 patients were females. Most (85%) of the efavirenz levels 

in this study were below the acceptable maximum level of 4 µg/mL. Only 15% 

(n=5/33) of the participants had efavirenz plasma level above 4 µg/mL, 58% 

(n=19/33) were within the normal range (1 to 4 µg/mL) whereas the remaining 

27% (n=9/33) of the participants had efavirenz plasma levels below 1 µg/mL. 

Figure 3.6 shows the distribution of the log of the efavirenz plasma levels. 
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Figure 3. 6: Distribution of efavirenz plasma concentration among the participants 
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3.7.2 Distribution for warfarin maximum plasma concentration (Cmax) 

Warfarin Cmax levels was available for 21 participants who were on warfarin. The 

mean Cmax was 1.34 µg/mL, ranging from 0.411 to 3.001 µg/mL; this was shown 

in Figure 3.7A. Warfarin Cmax levels were further divided based on the sex, shown 

in Figure 3.7B. The mean of the male group (n=7/21) was 1.04 ug/mL whereas 

the female group (n=14) had a mean of 1.49 ug/mL. The Mann Whitney test was 

done on the concentrations for the two groups and there was no statistically 

significant difference between the two (p=0.144). 

 

Figure 3. 7: Distribution of the warfarin plasma concentration  

Genetic models were tested on the plasma concentrations of both efavirenz and 

warfarin groups as shown on Table 3.4. It is observed that genetic variation in 

host genes NCAM1, SHROOM3, VDR and LCT did not affect plasma drug levels 

for both efavirenz and warfarin, however, there was a significant effect of genetic 

variation in FUT2 on warfarin levels (p=0.036).    

A B 
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Table 3. 4: Effects of host genetic variants that affect microbiome profiles, on the plasma levels of efavirenz and warfarin 

 
EFV 

Median (IQR) 
P-value 

Warfarin 
Median (IQR) 

P-value 

FUT2 rs601338  
GG* 1,850 (0,533-2,356)  1,006 (0,615-1,351)  
GA 1,959 (0,934-3,694) 0,844 1,259 (0,958-1,772) 0,162 
AA 1.036 (1.036-1.036) - 1.927 (1.267-3.001) 0.036 

NCAM1 rs17115310  
CC* 1,570 (0,492-2,809)  1.092 (0.730-1.840)  
CG 2,034 (1,644-3,969) 0,212 1.229 (0.944-1.604) 0,914 
GG 2.099 (1,644-13,340) 0,2488 1,502 (1,502-1,502) - 

SHROOM3 rs11724031  
GG* 1.656 (0.4708-2.188)  1.146 (0.765-2.117)  
GA 3.219 (1.514-4,995) 0,161 1.199 (0.877-1.752) 0,939 
AA 1.570 (0.692- 1.969) 0,521 1.502 (1.502-1.502) - 

VDR rs1544410  
GG* 1,770 (0,872-3,761)  1,049 (0,831-1,354)  
GA 2.024 (0.450-2.188) 0,541 1.634 (1.035-2.447) 0.113 
AA 6.015 (3.975-8.055) - 0.411 (0.411-0.411) - 

VDR rs7975232  
AA* 1,844 (0,450- 2,239)  1,070 (0,476-1,826)  
AC 2,101 (1,547- 3,896) 0,100 1,229 (0,912-1,667) 0,536 
CC 1,468 (1,468- 1,468) - - - 

VDR rs731236  
TT* 1.555 (0.627-3.761)  1,146 (0,935-1,636)  
TC 1.989 (0,824-2,190) 0.7343 1.095 (0.623-2.976) 0,965 
CC 6.091 (4.126-8.055) 0.1287 1.792 (1.792-1.792) _ 

LCT rs2164210     
TT* 1,617 (3,586- 0,509)  1.259 (0.9580-1.783)  
TC 1,997 (0,813- 2,240) 1,000 1.103 (0.831-1.664) 0,630 
CC 4,126 (4,126- 4,126) - 1.102 (0.4110-1.792) - 
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LCT rs7579771  
AA* 1,695 (0,450-3,262)  1.263 (0.879-1.970)  
AT 1,959 (0,934-2,242) 0,931 1.379 (0.771-1.883) 0.945 
TT 4,126 (4,126-4,126) - 1.146 (0.8770-1.634) 0.475 

* represents a reference genotype for that SNP 
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Figure 3. 8: Comparison of warfarin maximum concentration between GG and AA genotypes of rs601338 SNP. 
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3.8 Gut bacterial profiles 

Bioinformatics pipeline, QIIME 2 2019.4 release, was used to further analyse the 

demultiplexed sequences from Illumina. High quality reads (2979 reads per 

sample) cut-off was selected for rarefaction curves for a satisfactory coverage of 

bacterial diversity within the samples. Contaminants from the kit were identified 

and removed. 

3.8.1 Sample quality control 

In pre-processing stage, noisy sequences were removed successfully for 

sequence quality control. This is shown in Figure 3.9 as a downtrend from input 

samples to filtered, denoised, and merged until the removal of chimeras. It can 

be observed that the non-chimeric are almost similar.  

 

Figure 3. 9: Samples demonstrating the success of denoising of gut microbiome pre-processing 
stage, the y-axis is an estimate quantity of gut microbiome. 

 

 

  

 

 

input filtered denoised merged non-chimeric
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3.8.2 Alpha diversity 

Alpha diversity is the measure of species variance within a sample, in this case, 

the diversity within a participant’s gut microbiome. Alpha diversity is measured in 

different indices, such as Shannon, Simpson, Dominance and Faith's 

Phylogenetic diversity (PD). Alpha diversity rarefaction curves that reached a 

considerable plateau and this includes Pielou’s evenness, Simpson, Shannon, 

dominance, observed OTUs, Faith’s PD, chao1 and Good’s coverage. 
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Assessment of alpha diversity within the three groups 

The gut microbiome was firstly clustered according to the drug groups under 

study, that is untreated control, efavirenz and warfarin groups. In this study, 

QIIME2 was used to compute the alpha diversity difference within our groups via 

Shannon, observed OTUs, Faith’s PD and Pielou’s evenness. The microbiome 

composition of the untreated control and efavirenz groups was significantly more 

diverse than the warfarin group (observed OTUs and Faith’s PD). However, 

diversity and richness of the gut microbiome in the untreated control group was 

not significantly different to that of the efavirenz (p&q = 0.910) and warfarin (p = 

0.795, q = 0.910), as per the Shannon’s index. The number of observed OTUs 

were significantly lower in the gut microbiome of warfarin group as compared to 

that of untreated control group (p = 0.014, q = 0.021), however, there was no 

difference in OTUs observed when comparing the gut microbiome of the 

untreated control and efavirenz groups (p&q = 0.964). Phylogenetic diversity 

shows the richness of gut microbiome in the warfarin group to be less diverse 

when compared to the untreated control group (p = 0.033, q = 0.050), but there 

was no significant difference when comparing the untreated control and efavirenz 

groups (p&q = 0.955). The richness in the gut microbiome of the warfarin group 

was significantly even (Pielou’s evenness) than in the untreated control (p = 

0.010, q = 0.015). Nevertheless, Pielou’s evenness was not significantly different 

between the untreated control and efavirenz groups (p&q = 0.883).  
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Alpha diversity of efavirenz plasma concentration 

Breaking down the efavirenz group further, participants were further divided into 

three groups according to efavirenz plasma concentrations, those with normal 

plasma concentrations (1-4 µg/mL), EFV < 1 µg/mL and those with efavirenz 

plasma concentration above the therapeutic limit, EFV > 4 µg/mL. There was no 

indication of difference in gut microbiome composition between those within the 

normal therapeutic range and the sub-therapeutic range with all the alpha 

diversity indices, Shannon (p&q = 0.814); observed OTUs (p = 0.289, q = 0.525); 

Faith’s PD (p = 0.258, q = 0.579) and Pielou’s evenness (p&q = 0.480). The alpha 

diversity between those within the therapeutic range and those above showed 

Shannon (p = 0.377, q = 0.695); observed OTUs (p&q = 0.587); Faith’s PD (p&q 

= 0.786) and Pielou’s evenness (p = 0.103, q = 0.309). 

Alpha diversity due to warfarin Cmax 

Participants in the warfarin group were further categorised on whether they had 

Cmax ≤ 1.34 ug/mL or Cmax > 1.34 ug/mL, of which 1.34 ug/mL was the mean 

concentration. None of the alpha diversity indices showed difference in the gut 

microbiome composition, Shannon (p&q= 0.436); observed OTUs (p&q= 0.586); 

Faith’s PD (p&q= 0.815) and Pielou’s evenness (p&q= 0.350). 
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Comparison of alpha diversity relative to the host genetics 

Three genetic models, that is, additive, dominant   and recessive, in four groups, 

that is the combined, untreated control, efavirenz and warfarin; were employed in 

QIIME2 platform to test for association using the permutational multivariate anova 

(PERMANOVA) statistical tests. Haplotypes of SNPs found in one gene were 

added into the analysis to assess the effect of the combined SNPs on the gut 

microbiome. Difference in gut microbiome composition in this study were 

assesses by comparing the alpha diversity using Faith's PD, observed OTUs and 

Pielou’s evenness. 

In the combined group, the Faith's PD and observed OTUs indices did not reach 

statistical difference in all the genetic models as shown in Figure 3.5. However, 

the abundance was evenly distributed between the GG and GA genotypes of 

VDR rs1544410 (p = 0.005, q = 0.014). Pielou’s evenness indicated the difference 

in gut microbiome composition in the VDR rs1544410 and LCT rs7579771 

recessive models (p&q = 0.004; 0.019, respectively). The alpha diversity in 

untreated control group (Table 3.6) significantly varied with the recessive model 

of NCAM1 rs17115310, p&q = 0.041 and p&q = 0.049 in both Faith’s PD and 

observed OTUs, respectively. Nonetheless, there was no significant difference 

as per Pielou’s evenness index (p&q = 0.940). Comparison of the Faith’s PD of 

participants with AA and TT genotypes of the LCT rs7579771 SNP was at a cut-

off of statistical significance, p = 0.051, however it drifted away from significance 

after adjustment, q = 0.077. Again, Faith’s PD significantly varied in the dominant 

model of LCT rs7579771 SNP (p&q = 0.028). In the efavirenz group (Table 3.7), 

none of the genetic models’ Faith’s PD and observed OTUs of the alpha diversity 
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differed statistically. The evenness between the TT and TC genotypes and 

recessive model of VDR rs731236 was significantly different (p = 0.014, q = 0.043 

and p&q = 0.009 respectively). However, in the warfarin group (Table 3.8), FUT2 

rs601388’s GG vs AA (p = 0.021, q = 0.062) and dominant (p&q = 0.021) models 

indicated difference in Pielou’s evenness index. LCT rs7579771’s recessive 

model showed variation in the phylogenetic diversity, p&q = 0.028 and 

accompanied by difference in observed OTUs, p&q = 0.009. For the same SNP, 

comparison of the AA and TA genotypes indicated that more OTUs were 

observed in TA than in the AA genotype (p = 0.034). Furthermore, more OTUs 

were observed in the TT genotype than in AA (p = 0.040), however, the 

significance was lost following adjustment in both comparisons (q = 0.061). The 

gut microbiome for participants with GG genotype of VDR rs1544410 was 

significantly more even when compared to the GA genotype (p = 0.014, q = 

0.043). Also, there was significant difference in the evenness of the recessive 

model for this very same SNP (p&q = 0.010). When it comes to VDR rs731236 

SNP, the pairwise Kruskal-Wallis showed that the gut microbiome taxa were 

significantly less even in the participants with TT genotype than those with the 

TC genotype (p = 0.054), however, the significance was lost with the adjustment 

for false discovery (q = 0.161). Moreover, significant difference was observed in 

the evenness of the recessive model for rs731236 SNP (p&q = 0.043). 
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Table 3. 5: Alpha diversity by candidate SNPs in the general population. 

 P values 

Genotypes/ 
haplotypes 

Shannon Faith’s PD  Observed 
OTUs 

Evenness 

FUT2 rs601388 

GG*     0.545     
GA 0.692 0.692 0.341 0.671 0.500 0.830 0.939 0.939 
AA 0.327 0.692 0.982 0.982 0.553 0.830 0.305 0.604 

GG+GA/AA 0.408 0.408 0.617 0.617 0.617 0.737 0.737 0.343 0.343 
GG/GA+AA 0.562 0.562 0.393 0.393 0.393 0.461 0.461 0.760 0.760 
NCAM1 rs17115310 

CC*     0.186     
CG 0.483 0.483 0.385 0.385 0.960 0.960 0.265 0.795 
GG 0.205 0.308 0.076 0.228 0.121 0.328 0.825 0.825 

CC+CG/GG 0.171 0.171 0.107 0.107 0.107 0.139 0.139 0.968 0.968 
CC/CG+GG 0.819 0.819 0.183 0.183 0.183 0.595 0.595 0.287 0.287 
SHROOM3 rs11724031 

GG*     0.346     
GA 0.261 0.784 0.137 0.412 0.079 0.235 0.919 0.919 
AA 0.907 0.907 0.815 0.815 0.661 0.661 0.539 0.919 

GG+GA/AA 0.767 0.767 1.000 1.000 1.000 0.941 0.941 0.591 0.591 
GG/GA+AA 0.347 0.347 0.169 0.169 0.169 0.092 0.092 0.766 0.766 

VDR 
rs1544410 

         

GG*     0.724     
GA 0.192 0.577 0.466 0.803 0.908 0.908 0.005 0.014 
AA 0.418 0.627 0.871 0.871 0.770 0.908 0.243 0.365 

GG+GA/AA 0.540 0.540 0.759 0.759 0.759 0.706 0.706 0.524 0.524 
GG/GA+AA 0.149 0.149 0.555 0.555 0.555 1.000 1.000 0.004 0.004 

VDR 
rs7975232 

         

AA*     0.482     
AC 0.565 0.957 0.250 0.751 0.410 0.872 0.660 1.000 
CC 0.872 0.957 1.000 1.000 0.717 0.872 0.809 1.000 

AA+AC/CC 0.921 0.921 0.742 0.742 0.742 0.805 0.805 0.921 0.921 
AA/AC+CC 0.564 0.564 0.267 0.267 0.267 0.399 0.399 0.648 0.648 

VDR 
rs731236 

         

TT*     0.408     
TC 0.515 0.570 0.237 0.658 0.669 0.669 0.389 0.778 
CC 0.509 0.570 0.439 0.658 0.485 0.669 0.778 0.778 

TT+TC/CC 0.516 0.516 0.534 0.534 0.534 0.482 0.482 0.935 0.935 
TT/TC+CC 0.427 0.427 0.188 0.188 0.188 0.547 0.547 0.382 0.382 

LCT 
rs2164210 

         

TT*     0.575     
TC 0.262 0.393 0.855 0.855 0.500 0.531 0.189 0.282 
CC 0.189 0.393 0.312 0.486 0.400 0.531 0.281 0.282 

TT+TC/CC 0.241 0.241 0.284 0.284 0.284 0.396 0.396 0.262 0.262 
TT/TC+CC 0.139 0.139 0.823 0.823 0.823 0.363 0.363 0.119 0.119 

LCT 
rs7579771 

         

AA*     0.448     
AT 0.088 0.132 0.403 0.410 0.258 0.388 0.071 0.106 
TT 0.059 0.132 0.303 0.410 0.245 0.388 0.054 0.106 
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AA+AT/TT 0.140 0.140 0.298 0.298 0.298 0.337 0.337 0.112 0.112 
AA/AT+TT 0.024 0.024 0.245 0.245 0.245 0.149 0.149 0.019 0.019 

 

Table 3. 6: Alpha diversity by candidate SNPs in the control group. 

 Shannon Faith PD  Observed 
OTUs 

Evenness 

Candidate 
SNP 

p-
value 

q-
value 

p-
value1 

q-
value 

p-
value2 

p-
value 

q-
value 

p-
value 

q-
value 

FUT2 
rs601388 

         

GG*     0.820     
GA 0.460 0.734 0.588 0.734 0.657 0.657 0.657 0.865 
AA 0.700 0.734 0.699 0.734 0.439 0.657 0.657 0.865 

GG+GA/AA 0.705 0.705 0.705 0.705 0.705 0.450 0.450 1.000 1.000 
GG/GA+AA 0.458 0.458 0.570 0.570 0.570 0.570 0.570 0.631 0.631 

NCAM1 
rs17115310 

         

CC*     0.110     
CG 0.288 0.288 0.072 0.171 0.086 0.171 0.683 0.683 
GG 0.114 0.288 0.114 0.171 0.114 0.171 0.206 0.576 

CC+CG/GG 0.140 0.140 0.340 0.340 0.340 0.193 0.193 0.256 0.256 
CC/CG+GG 0.174 0.174 0.041 0.041 0.041 0.049 0.049 0.940 0.940 
SHROOM3 
rs11724031 

         

GG*     0.741     
GA 0.805 0.805 0.741 0.741 0.869 0.869 0.741 0.741 
AA - - - - - - - - 

GG+GA/AA - - - - - - - - - 
GG/GA+AA 0.805 0.805 0.741 0.741 0.741 0.869 0.869 0.741 0.741 

VDR 
rs1544410 

         

GG*     0.576     
GA 0.264 0.264 0.576 0.576 0.371 0.371 0.434 0.434 
AA - - - - - - - - 

GG+GA/AA - - - - - - - - - 
GG/GA+AA 0.264 0.264 0.576 0.576 0.576 0.371 0.371 0.434 0.434 

VDR 
rs7975232 

         

AA*     0.498     
AC 0.258 0.466 0.298 0.703 0.587 0.827 0.189 0.466 
CC 0.513 0.513 0.827 0.827 0.827 0.827 0.827 0.827 

AA+AC/CC 0.361 0.361 0.584 0.584 0.584 0.715 0.715 0.465 0.465 
AA/AC+CC 0.353 0.353 0.353 0.353 0.353 0.642 0.642 0.237 0.237 

VDR 
rs731236 

         

TT*     0.371     
TC 0.264 0.264 0.371 0.371 0.263 0.263 0.434 0.434 
CC - - - - - - - - 

TT+TC/CC - - - - - - - - - 
TT/TC+CC 0.264 0.264 0.264 0.264 0.264 0.263 0.263 0.434 0.434 

LCT 
rs2164210 

         

TT*     0.260     
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TC 0.651 0.651 0.910 0.910 0.910 0.910 0.213 0.213 
CC 0.172 0.517 0.107 0.236 0.710 0.910 0.172 0.213 

TT+TC/CC 0.210 0.210 0.101 0.101 0.101 0.630 0.630 0.148 0.148 
TT/TC+CC 0.349 0.349 0.588 0.588 0.588 0.805 0.805 0.104 0.104 

LCT 
rs7579771 

         

AA*     0.090     
AT 0.514 0.514 0.794 0.794 0.695 0.695 0.240 0.289 
TT 0.052 0.155 0.051 0.077 0.139 0.208 0.102 0.289 

AA+AT/TT 0.051 0.051 0.028 0.028 0.028 0.086 0.086 0.110 0.110 
AA/AT+TT 0.113 0.113 0.189 0.189 0.189 0.257 0.257 0.077 0.077 

 

Table 3. 7: Alpha diversity by candidate SNPs in the efavirenz group. 

 
Shannon 

Faith PD  
Observed 

OTUs 
Evenness 

Candidate 
SNP 

p-
value 

q-
value 

p-
value1 

q-
value 

p-
value2 

p-
value 

q-
value 

p-
value 

q-
value 

FUT2 
rs601388 

         

GG*     
0.696 

    
GA 0.548 0.554 0.744 0.744 0.850 0.850 0.503 0.503 
AA 0.554 0.554 0.554 0.744 0.693 0.850 0.236 0.503 

GG+GA/AA 0.513 0.513 0.433 0.433 0.433 0.769 0.769 0.296 0.296 
GG/GA+AA 0.509 0.509 0.834 0.834 0.834 0.809 0.809 0.412 0.412 

NCAM1 
rs17115310 

         

CC*     
0.570 

    
CG 0.277 0.633 0.727 0.727 0.531 0.633 0.408 0.946 
GG 0.633 0.633 0.375 0.562 0.633 0.633 0.946 0.946 

CC+CG/GG 0.536 0.536 0.318 0.318 0.318 0.552 0.552 1.000 1.000 
CC/CG+GG 0.502 0.502 0.917 0.917 0.917 0.765 0.765 0.483 0.483 
SHROOM3 
rs11724031 

         

GG*     
0.884 

    
GA 0.252 0.503 0.674 0.851 0.268 0.641 0.445 0.662 
AA 0.851 0.851 0.851 0.851 0.975 0.975 0.662 0.662 

GG+GA/AA 0.619 0.619 0.779 0.779 0.779 0.746 0.746 0.560 0.560 
GG/GA+AA 0.425 0.425 0.813 0.813 0.813 0.400 0.400 0.701 0.701 

VDR 
rs1544410 

         

GG*     
0.811 

    
GA 0.900 1.000 0.585 0.853 0.950 0.950 0.556 0.683 
AA 0.795 1.000 0.853 0.853 0.911 0.950 0.353 0.683 

GG+GA/AA 0.841 0.841 0.753 0.753 0.753 0.886 0.886 0.548 0.548 
GG/GA+AA 0.823 0.823 0.718 0.718 0.718 1.000 1.000 0.363 0.363 

VDR 
rs7975232 

         

AA*     
0.759 

    
AC 0.921 0.921 0.843 0.843 0.791 0.791 0.643 0.683 
CC 0.221 0.653 0.414 0.816 0.307 0.652 0.683 0.683 

AA+AC/CC 0.312 0.312 0.470 0.470 0.470 0.360 0.360 0.596 0.596 
AA/AC+CC 0.924 0.924 0.949 0.949 0.949 0.924 0.924 0.702 0.702 
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VDR 
rs731236 

         

TT*     
0.368 

    
TC 0.264 0.521 0.313 0.361 0.330 0.520 0.014 0.043 
CC 0.347 0.521 0.296 0.361 0.347 0.520 0.210 0.315 

TT+TC/CC 0.447 0.447 0.300 0.300 0.300 0.407 0.407 0.581 0.581 
TT/TC+CC 0.194 0.194 0.218 0.218 0.218 0.243 0.243 0.009 0.009 

LCT 
rs2164210 

         

TT*     
0.962 

    
TC 0.447 0.769 0.864 0.864 0.540 0.827 0.607 0.607 
CC 0.942 0.942 0.828 0.864 0.718 0.827 0.279 0.419 

TT+TC/CC 0.823 0.823 0.823 0.823 0.823 0.823 0.823 0.264 0.264 
TT/TC+CC 0.498 0.498 0.821 0.821 0.821 0.498 0.498 0.892 0.892 

LCT 
rs7579771 

         

AA*     
0.896 

    
AT 0.428 0.902 0.667 0.862 0.541 0.862 0.428 0.428 
TT 0.937 0.937 0.813 0.862 0.693 0.862 0.306 0.428 

AA+AT/TT 0.823 0.823 0.823 0.823 0.823 0.823 0.823 0.264 0.264 
AA/AT+TT 0.473 0.473 0.735 0.735 0.735 0.499 0.499 0.642 0.642 

 

Table 3. 8: Alpha diversity by candidate SNPs in the warfarin group. 

 
Shannon 

Faith PD  
Observed 

OTUs 
Evenness 

Candidate 
SNP 

p-
value 

q-
value 

p-
value1 

q-
value 

p-
value2 

p-
value 

q-
value 

p-
value 

q-
value 

FUT2 
rs601388 

         

GG*     
0.977 

    
GA 0.453 0.453 0.895 0.926 0.627 0.627 0.402 0.402 
AA 0.116 0.174 0.782 0.926 0.309 0.464 0.021 0.062 

GG+GA/AA 0.056 0.056 0.841 0.841 0.841 0.132 0.132 0.021 0.021 
GG/GA+AA 0.227 0.227 1.000 1.000 1.000 0.434 0.434 0.118 0.118 

NCAM1 
rs17115310 

         

CC*     
0.942 

    
CG 0.247 0.247 0.942 0.942 0.218 0.218 0.192 0.192 
GG - - - - - - - - 

CC+CG/GG - - - - - - - - - 
CC/CG+GG 0.247 0.247 0.942 0.942 0.942 0.218 0.218 0.192 0.192 
SHROOM3 
rs11724031 

         

GG*     
0.184 

    
GA 0.569 0.862 0.271 0.271 0.425 0.469 0.790 0.862 
AA 0.862 0.862 0.117 0.271 0.117 0.352 0.862 0.862 

GG+GA/AA 0.869 0.869 0.137 0.137 0.137 0.248 0.248 0.509 0.509 
GG/GA+AA 0.619 0.619 0.177 0.177 0.177 0.286 0.286 0.831 0.831 

VDR 
rs1544410 

         

GG*     
0.796 

    
GA 0.086 0.259 0.806 0.806 0.369 0.369 0.014 0.043 
AA 0.206 0.309 0.752 0.806 0.206 0.335 0.206 0.309 
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GG+GA/AA 0.260 0.260 0.545 0.545 0.545 0.193 0.193 0.435 0.435 
GG/GA+AA 0.059 0.059 0.880 0.880 0.880 0.257 0.257 0.010 0.010 

VDR 
rs7975232 

         

AA*     
0.138 

    
AC 0.934 0.934 0.138 0.138 0.741 0.741 0.621 0.621 
CC - - - - - - - - 

AA+AC/CC - - - - - - - - - 
AA/AC+CC 0.934 0.934 0.138 0.138 0.138 0.741 0.741 0.621 0.621 

VDR 
rs731236 

         

TT*     
0.331 

    
TC 0.035 0.106 0.861 0.861 0.066 0.197 0.054 0.161 
CC 0.385 0.578 0.172 0.259 0.535 0.617 0.385 0.578 

TT+TC/CC 0.665 0.665 0.140 0.140 0.140 0.795 0.795 0.665 0.665 
TT/TC+CC 0.029 0.029 0.782 0.782 0.782 0.063 0.063 0.043 0.043 

LCT 
rs2164210 

         

TT*     
0.293 

    
TC 0.293 0.317 0.930 0.930 0.188 0.282 0.930 0.930 
CC 0.234 0.317 0.089 0.268 0.174 0.282 0.610 0.916 

TT+TC/CC 0.231 0.231 0.119 0.119 0.119 0.231 0.231 0.402 0.402 
TT/TC+CC 0.169 0.169 0.426 0.426 0.426 0.096 0.096 0.772 0.772 

LCT 
rs7579771 

         

AA*     
0.223 

    
AT 0.048 0.143 0.450 0.450 0.034 0.061 0.322 0.450 
TT 0.097 0.146 0.143 0.236 0.040 0.061 0.378 0.450 

AA+AT/TT 0.332 0.332 0.156 0.156 0.156 0.205 0.205 0.709 0.709 
AA/AT+TT 0.065 0.065 0.028 0.028 0.028 0.009 0.009 0.522 0.522 
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3.8.3 Beta diversity 

As opposed to alpha diversity, beta diversity measures the species diversity 

between the samples. It can be measured with Bray-Curtis; Unweighted and 

Weighted UniFrac, to name a few. 

3.8.3.1 Comparison of beta diversity across the three study groups 

Like in the alpha diversity, the gut microbiome was clustered according to the 

drug groups under study, which are untreated control, efavirenz and warfarin 

groups. Weighted UniFrac distance was calculated to investigate the beta 

diversity between the three groups. Principal Coordinates Analysis (PCoA) plot 

was used to show this comparison in Figure3.10. 

 

Figure 3. 10: Principal Coordinates Analysis (PCoA) plots of the weighted UniFrac distances 
within the groups 

Not all groups distinctively segregated from each other. Majority of the warfarin 

group clustered tightly together. The warfarin group segregated from the 
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untreated control group and there was statistical difference when using the 

weighted UniFrac distances (p = 0.001, q = 0.002) and so is the case when 

comparing the warfarin group and the efavirenz one (p = 0.001, q = 0.002). There 

was no spatial segregation between the untreated control and efavirenz groups 

(p&q = 0.753). 

3.8.3.2 Effect of efavirenz exposure on the beta diversity 

To add more meaning to our results, efavirenz plasma concentrations were 

divided into three groups, those with EFV < 1 µg/mL, 1 ≤ EFV ≥ 4 µg/mL and 

those with efavirenz plasma concentration above the normal limit, EFV > 4 µg/mL 

as shown in PCoA below (Figure 3.11) accompanied by weighted UniFrac 

distance. The three groups did not segregate. The beta diversity by weighted 

UniFrac distance showed no statistical difference between the gut bacterial 

composition of participants within normal EFV therapeutic range and those below 

it, p = 0.347, q = 0.744. The weighted UniFrac distance also showed no statistical 

difference between the gut bacterial composition of participants within normal 

EFV therapeutic range and those above it, p = 0.578, q = 0.744. 
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Figure 3. 11:  Beta diversity within the efavirenz group. 

 

3.8.3.3 Beta diversity within the warfarin Cmax 

The warfarin Cmax were grouped on whether they had Cmax ≤ 1.34 µg/mL or Cmax 

> 1.34 µg/mL, of which 1.34 µg/mL was the mean concentration. There was no 

statistical difference between the samples of two groups (p&q = 0.864), hence 

there was no distinct separation of samples as shown by the PCoA in Figure 3.12. 
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Figure 3. 12: Weighted UniFrac Principal Coordinates Analysis (PCoA) plots for the warfarin 
exposure. 

3.8.3.4 Beta diversity due to host genetics 

Eight candidate SNPs from five genes were genotyped as described in section 

2.2 and SNP-microbe association analysis was done on QIIME2 using the 

PERMANOVA statistical test. Three genetic models (additive, dominant and 

recessive) were used to assess the influence of host genetics on microbiota 

based on the underlying Unweighted UniFrac distance matrix. Haplotypes of 

SNPs in the same host genes were also added to analysis to estimate the 

difference in beta diversity of the gut microbiome. The host genetics-gut 

microbiome relationship was done in four groups, that is, the untreated control, 

efavirenz, warfarin and the combination of all three for the reproducibility of 

results. In this study, weighted UniFrac distance was used to explain the beta 

diversity in our gut microbiome data. 



57 
 

Table 3.9 below shows the host genetics-gut microbiome association of all the 

participants without dividing them in groups. All the candidate SNPs were tested 

in three genetic models. The global p-value2 amongst the genotypes did not 

reach any statistical significance for each SNP except in the recessive models of 

VDR rs1544410 (p = 0.039) and LCT rs7579771 (p = 0.038). Genotypes of each 

SNP were compared with one another in a pair-wise manner (p-value1), there 

was significant difference in weighted UniFrac distance between the GG and GA 

(p-value1 = 0.041) genotypes of VDR rs1544410. The gut microbiome 

abundance difference between AA and TT genotypes of LCT rs7579771 was on 

the p-value cut-off, p-value1=0.053. Segregation of our gut microbiome data 

according to the recessive model of LCT rs7579771 resulted in significant 

difference, p-value1 = 0.040. To control for false discovery rate, p-value1 was 

adjusted to q-value. The beta diversity between the GG and GA genotypes of 

VDR rs1544410 changed to q = 0.123, AA and TT of LCT rs7579771 changed to 

q = 0.159. However, comparison of gut microbiome abundance in the recessive 

model remained significantly different q = 0.040.  

Table 3. 9: Weighted UniFrac for Candidate SNPs with suspected roles in 
shaping the gut microbiome profiles in general population of this study 

Candidate SNP p-value1 
q-

value 
p-

value2 

FUT2 rs601388    
GG*   

0.782 GA 0.608 0.880 
AA 0.880 0.880 

GG+GA/AA 0.723 0.723 0.723 
GG/GA+AA 0.697 0.697 0.673 

NCAM1 rs17115310    
C/C*   

0.774 C/G 0.857 0.857 
G/G 0.471 0.825 

CC+CG/GG 0.483 0.483 0.525 
CC/CG+GG 0.815 0.815 0.796 

SHROOM3 rs11724031    
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GG*   
0.196 GA 0.099 0.297 

AA 0.303 0.455 
GG+GA/AA 0.489 0.489 0.496 
GG/GA+AA 0.063 0.063 0.058 

VDR rs1544410    
GG*    

0.160 GA 0.041 0.123 
AA 0.740 0.754 

GG+GA/AA 0.893 0.893 0.887 
GG/GA+AA 0.063 0.063 0.039 

VDR rs7975232    
AA*   

0.503 AC 0.332 0.525 
CC 0.503 0.525 

AA+AC/CC 0.554 0.554 0.498 
AA/AC+CC 0.364 0.364 0.381 

VDR rs731236    
TT*   

0.870 TC 0.944 0.949 
CC 0.894 0.949 

TT+TC/CC 0.950 0.950 0.944 
TT/TC+CC 0.495 0.495 0.524 

LCT rs2164210    
TT*   

0.400 TC 0.133 0.399 
CC 0.911 0.911 

TT+TC/CC 0.906 0.906 0.893 
TT/TC+CC 0.204 0.204 0.209 

LCT rs7579771    
AA*   

0.072 AT 0.175 0.263 
TT 0.053 0.159 

AA+AT/TT 0.080 0.080 0.079 
AA/AT+TT 0.040 0.040 0.038 

 

The untreated control group was analysed separately to assess the impact of 

genetic variation on gut microbiome, also using the three genetic models and 

haplotypes as shown in Table 3.10. None of the genotypes reached a statistical 

significance at a global comparison (p-value2). However, a dominant model for 

LCT rs7579771 was at p-value2 = 0.055. The pairwise comparisons, p-value1 did 

not reach statistical significance (p-value1 < 0.05). The adjusted p-value1 (q-

value) did not reach significance for any comparison using the weighted UniFrac 

distance to assess the beta diversity of the gut microbiome. 



59 
 

Table 3. 10: Beta diversity of gut microbiome for candidate SNPs in the 
untreated control group only. 

Candidate SNP p-value1 q-value p-value2 

FUT2 rs601388    
GG*   

0.905 GA 0.778 0.862 
AA 0.862 0.862 

GG+GA/AA 0.787 0.787 0.791 
GG/GA+AA 0.861 0.861 0.844 

NCAM1 rs17115310    
CC*   

0.701 CG 0.437 1.000 
GG 1.000 1.000 

CC+CG/GG 0.912 0.912 0.886 
CC/CG+GG 0.529 0.529 0.513 
SHROOM3 
rs11724031 

   

GG*   
0.728 GA 0.753 0.753 

AA - - 
GG+GA/AA - - - 
GG/GA+AA 0.707 0.707 0.761 

VDR rs1544410    
GG*   

0.303 GA 0.317 0.317 
AA - - 

GG+GA/AA - - - 
GG/GA+AA 0.290 0.290 0.296 

VDR rs7975232    
AA*   

0.843 AC 0.754 0.908 
CC 0.625 0.908 

AA+AC/CC 0.741 0.741 0.757 
AA/AC+CC 0.662 0.662 0.632 

VDR rs731236    
TT*   

0.492 TC 0.495 0.495 
CC - - 

TT+TC/CC - - - 
TT/TC+CC 0.509 0.509 0.515 

LCT rs2164210    
TT*   

0.570 TC 0.362 0.872 
CC 0.872 0.872 

TT+TC/CC 0.889 0.889 0.881 
TT/TC+CC 0.423 0.423 0.377 

LCT rs7579771    
AA*   

0.517 AT 0.514 0.757 
TT 0.278 0.757 

AA+AT/TT 0.375 0.375 0.383 
AA/AT+TT 0.278 0.278 0.267 
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Patients who were on efavirenz were also genotyped for candidate SNPs that 

shape the gut microbiome to determine the effect of host genetics on gut 

microbiome. All the three genetic models were also tested to assess the host 

genetics-gut microbiome relationship as shown in Table 3.11. None of these 

models reached statistically significant difference in terms of weighted UniFrac 

distance in all the candidate SNPs.  

Table 3. 11: Candidate SNPs variation and association with gut microbiome 
profiles among the patients that were on efavirenz. 

Candidate SNP p-value1 q-value p-value2 

FUT2 rs601388    
GG*   

0.873 GA 0.471 0.979 
AA 0.979 0.979 

GG+GA/AA 0.971 0.971 0.964 
GG/GA+AA 0.475 0.475 0.472 

NCAM1 rs17115310    
C/C*   

0.914 C/G 0.577 0.934 
G/G 0.934 0.934 

CC+CG/GG 0.966 0.966 0.960 
CC/CG+GG 0.666 0.666 0.666 
SHROOM3 
rs11724031 

   

GG*   
0.246 GA 0.520 0.520 

AA 0.090 0.270 
GG+GA/AA 0.120 0.120 0.119 
GG/GA+AA 0.188 0.188 0.203 

VDR rs1544410    
GG*   

0.939 GA 0.972 0.972 
AA 0.665 0.972 

GG+GA/AA 0.754 0.754 0.702 
GG/GA+AA 0.829 0.829 0.845 

VDR rs7975232    
AA*   

0.075 AC 0.120 0.138 
CC 0.104 0.138 

AA+AC/CC 0.095 0.095 0.109 
AA/AC+CC 0.111 0.111 0.080 

VDR rs731236    
TT*   

0.554 TC 0.180 0.540 
CC 0.925 0.960 

TT+TC/CC 0.989 0.989 0.984 
TT/TC+CC 0.178 0.178 0.180 

LCT rs2164210    
TT*   0.216 
TC 0.188 0.282 
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CC 0.488 0.488 
TT+TC/CC 0.320 0.320 0.341 
TT/TC+CC 0.438 0.438 0.464 

LCT rs7579771    
AA*   

0.096 AT 0.100 0.300 
TT 0.537 0.537 

AA+AT/TT 0.307 0.307 0.341 
AA/AT+TT 0.236 0.236 0.248 

 

In the warfarin group (Table 3.12), genetic determination of gut microbiome 

profiles was tested on candidate SNPs. Like in the untreated control (Table 3.10) 

and efavirenz (Table 3.11) groups, the abundance gut microbiome in all the 

models for all SNPs did not reach statistically significant difference, before or after 

adjustments for false discovery. 

Table 3. 12: Host genetics-gut microbiome association for candidate SNPs in 
patients on warfarin treatment. 

Candidate SNP p-value1 q-value p-value2 

FUT2 rs601388    
GG*   

0.304 GA 0.332 0.433 
AA 0.433 0.433 

GG+GA/AA 0.445 0.445 0.439 
GG/GA+AA 0.215 0.215 0.215 

NCAM1 rs17115310    
C/C*   

0.583 C/G 0.583 0.583 
G/G - - 

CC+CG/GG - - - 
CC/CG+GG 0.556 0.556 0.612 
SHROOM3 
rs11724031 

   

GG*   
0.999 GA 0.993 1.000 

AA 0.912 1.000 
GG+GA/AA 0.873 0.873 0.899 
GG/GA+AA 0.991 0.991 0.991 

VDR rs1544410    
GG*   

0.557 GA 0.249 0.747 
AA 1.000 1.000 

GG+GA/AA 1.000 1.000 1.000 
GG/GA+AA 0.180 0.180 0.189 

VDR rs7975232    
AA*   

0.695 AC 0.657 0.657 
CC - - 

AA+AC/CC - - - 
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AA/AC+CC 0.680 0.680 0.638 
VDR rs731236    

TT*   
0.388 TC 0.340 0.592 

CC 0.592 0.592 
TT+TC/CC 0.479 0.479 0.501 
TT/TC+CC 0.299 0.299 0.308 

LCT rs2164210    
TT*   

0.510 TC 0.312 0.651 
CC 0.651 0.651 

TT+TC/CC 0.667 0.667 0.649 
TT/TC+CC 0.269 0.269 0.261 

LCT rs7579771    
AA*   

0.205 AT 0.192 0.316 
TT 0.316 0.316 

AA+AT/TT 0.513 0.513 0.509 
AA/AT+TT 0.104 0.104 0.088 

 

3.8.4 Relative abundance of gut microbiome and potential biomarkers 

Both alpha and beta diversity indicated that the gut microbiome composition of 

individuals in warfarin group differ significantly with those in untreated control and 

efavirenz group. Linear discriminant analysis Effect Size (LEfSe) (Segata et al., 

2011) tool was used to assess the taxonomic biomarkers in each group. When 

comparing the gut microbiome of participants in untreated control group with 

those in warfarin one, there were more than 80 bacterial taxa that were 

significantly abundant in the untreated control than in warfarin group (LDA score 

≥2.0, p < 0.05). The Linear discriminant analysis (LDA) score was adjusted to 6,7; 

p<0.05 to reduce the density of the significant bacterial taxa shown in Figure 3.13. 

Bacterial phyla Actinobacteria, and Firmicutes, were the only significantly 

abundant phyla in the untreated control group (LDA score ≥ 6.7, p < 0.05). 

Bacteroidia and Erysipelotrichia classes were found to be abundantly significant 

in the gut microbiome group of the untreated control group than in the warfarin 

group (LDA score ≥ 6.7, p < 0.05). Bacterial order Bifidobacteriales were relatively 

abundant in the warfarin group than in the untreated control group (LDA score ≥ 

6.7, p < 0.05), however, orders Erysipelotrichales, Caulobacterales, 

Pseudomonadales and Enterobacterales were more abundant in the untreated 

control group (LDA score ≥ 6.7, p < 0.05). Family Bifidobacteriaceae was the only 

family that was differentially abundant in the warfarin group whereas 
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Caulobacteraceae, Moraxellaceae and Enterobacteriaceae were significantly 

abundant in the gut microbiome of individuals in the untreated control group (LDA 

score ≥ 6.7, p < 0.05). In the genus level, LEfSe indicated that participants in the 

untreated control group were significantly associated with high abundance of 

Hydrogenophilus, Staphylococcus, Blautia, Ruminococcus and Enterococcus 

than those in the warfarin group. Eubacterium biforme and Faecalibacterium 

prausnitzii were the only species significantly abundant in the untreated control 

group (LDA score ≥ 6.7, p < 0.05). 

 

Figure 3. 13: Potential biomarkers for warfarin by LEfSe 

When comparing the gut microbiome composition of individuals who were on 

efavirenz treatment and those who were not in any medication, LEfSe found nine 

bacterial taxa to be differentially abundant (Figure 3.14). Phylum Tenericutes was 

found to be in high abundance in the untreated control group (LDA score ≥ 2.0, 

p < 0.05). The abundance of unclassified order RF39 was significantly associated 

with the untreated control group (LDA score ≥ 2.0, p < 0.05). Family 

Pseudonocardiaceae was found to be highly abundant in the untreated control 

group whereas Symbiobacteriaceae was significantly plentiful in the efavirenz 

group (LDA score ≥ 2.0, p < 0.05). At genus level, Saccharopolyspora and Slackia 

were significantly enriched in the gut microbiome of individuals of the untreated 

control group, on the other hand, genera Caldinitratiruptor and Erythromicrobium 
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were dominating in the efavirenz group (LDA score ≥ 2.0, p < 0.05). 

Caldinitratiruptor microaerophilus was the only bacterial taxa that was 

differentially abundant and was significantly abundant in the gut microbiome of 

participants of the efavirenz group (LDA score ≥ 2.0, p < 0.05). However, none of 

these bacterial taxa were still significant after FDR correction (LDA score ≥ 2.0, 

q < 0.2). 

 

Figure 3. 14: Potential biomarkers for efavirenz 

When comparing the gut microbiome between the paricipants with EFV ≤ 4 µg/mL 

and those with efavirenz plasma concentration above the normal limit, EFV > 4 

µg/mL, LEfSe did not identify any bacterial taxa highly abundant in the EFV ≤ 4 

µg/mL group (Figure 3.15). All the differentially abundant taxa were found to be 

significant in the EFV > 4 µg/mL group. These include families Dermacoccaceae 

and Pasteurellaceae; genera Dermacoccus, Finegoldia and Actinobacillus; and 

species Streptococcus Iuteciae and Eubacterium dolichum, that were highly 

abundant in the gut microbiome of participants in the EFV > 4 µg/mL group (LDA 

score ≥ 5.5, p < 0.05). 
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Figure 3. 15: Potential biomarkers for efavirenz drug exposure 

Furthermore, only the model test from Tables 3.8 to 3.15 that had p and or q 

values ≤ 0.05 were further tested for genotype-abundance association using 

LEfSe.  

3.8.4.1 FUT2 rs601338 potential biomarkers 

Comparison between the GG and GA genotypes of the FUT2 rs601338 SNP 

(Figure 3.16) in the general/combined group (Figure 3.16A), LEfSe identified 12 

differential abundant bacterial taxa. Phylum Planctomycetes was found to be 

more abundant in the GA genotype group (LDA score ≥ 2.0, p < 0.05). At class 

level, TM7-3 and Thermomicrobia were the only classes that were found to be 

significantly abundant in the carriers of the GA genotype. Orders JG30-KF-CM45 

and Neisseriales were also significantly higher in the carriers of the GA genotype 

(LDA score ≥ 2.0, p < 0.05). At family level, participants with the GA genotype 

were significantly enriched with Methylobacteriaceae and Listeriaceae (LDA 

score ≥ 2.0, p < 0.05) in their gut microbiome than those with the GG genotype. 

At genus level, participants with the GG genotype were highly enriched with 

Roseburia whereas those with GA genotype were enriched with Treponema, 

Listeria and Pseudomonas. Coprococcus catus species of phylum Firmicutes 

was significantly abundant in the gut microbiome of participants with the GG 

genotype of this SNP (LDA score ≥ 2.0, p < 0.05). Comparison between the GG 

and GA genotypes did not yield any significantly abundant bacterial taxa.  
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Comparing the similarities between the GG and GA genotypes of both untreated 

control (Figure 3.16B) and efavirenz groups (Figure 3.16C), none of the 

significantly abundant bacterial taxa were common. Moreover, none of these 

bacterial taxa were significantly abundant after FDR correction (LDA score ≥ 2.0, 

q < 0.2). 

When it comes to the comparison between GG and AA genotypes, the bacterial 

taxa in the in the untreated control and warfarin groups were not differentially 

significantly abundant (LDA score ≥ 2.0, p < 0.05). In the efavirenz (see 

Supplementary Figure 1) and the general groups, none of the bacterial taxa were 

significantly abundant after FDR correction (LDA score ≥ 2.0, q < 0.2). 

 

Figure 3. 16: Potential biomarkers for FUT2 rs601338 SNP by comparing GG vs GA genotypes. 
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Bacterial composition of individuals with either GG or GA (GG+GA) genotypes 

were compared against those with the AA genotype for FUT2 rs601338, 

Supplementary Figure 2. In general (Supplementary Figure 2A), genera 

Actinomycetospora and Brevibacterium remained significantly abundant in the 

gut bacterial composition of non-secretors (AA genotype) after FDR correction 

(LDA score ≥ 2.0, q < 0.2). The gut bacterial composition of non-secretors was 

also significantly enriched with species Corynebacterium kroppenstedtii, 

Macrococcus caseolyticus and Kocuria kristinae (LDA score ≥ 2.0, q < 0.2) than 

the secretors (GG+GA genotypes). Looking only onto the untreated control 

group, none of the bacterial taxa were significantly differentially abundant at LDA 

score ≥ 2.0, q < 0.2 (Supplementary Figure 2B). When it comes to only the 

efavirenz group (Supplementary Figure 2C), bacterial taxa that remained 

significantly abundant on the non-secretors include genera Leucobacter, 

Brevibacterium, Sphingobacterium and Yaniella (LDA score ≥ 2.0, q < 0.2). At 

species level, Kocuria kristinae, Ruminococcus albus, Geodermatophilus 

obscurus and Mycobacterium aurum were significantly abundant (LDA score ≥ 

2.0, q < 0.2) in the gut bacterial composition of individuals with AA genotype for 

rs601338 SNP as compared to those with GG+GA genotypes. Comparing GG 

genotype against GA+AA (Supplementary Figure 3), none of the bacterial taxa 

were significant after FDR correction (LDA score ≥ 2.0, q < 0.2). 

3.8.4.2 NCAM1 rs17115310 potential biomarkers 

Looking at the comparison between the CC and CG of rs17115310, gut bacterial 

abundance did not differ significantly after FDR correction (LDA score ≥ 2.0, 

q < 0.2), see Supplementary Figure 4. However, in general (Supplementary 

Figure 4A), Tepidimonas, Ochrobactrum, Alicyclobacillus, Amaricoccus, 

Cryocola, Actinobacillus, Bulleidia, Kytococcus, unclassified N09, Shewanella 

and Lactococcus were some of the significantly abundant bacterial genera (LDA 

score ≥ 2.0, q < 0.2) in the gut bacteria composition of individuals with the GG 

genotype for rs17115310 when compared to those with the CC genotype. In the 

species level, the gut microbiome participants with the GG genotype were 

significantly enriched with Petrobacter succinatimandens, Eubacterium dolichum, 

Pseudoclavibacter bifida, Brevibacterium paucivorans, Pseudomonas fragi, 
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Ornithinimicrobium pekingense, Clostridium citroniae, Corynebacterium 

kroppenstedtii and Propionibacterium granulosum (LDA score ≥ 2.0, q < 0.2). 

Looking only at the efavirenz group (Supplementary Figure 4B), species 

Petrobacter succinatimandens and Pseudoclavibacter bifida; and unclassified 

order I025 were the only bacterial taxa significant in the GG genotype group after 

FDR correction (LDA score ≥ 2.0, q < 0.2). 

When comparing GG genotype against CC and CG (CC+CG) in the general 

population, those with the GG genotype were significantly enriched with genera 

Tepidimonas, Ochrobactrum, Alicyclobacillus, Amaricoccus, Schlegelella, 

Actinobacillus, Cryocola, Bulleidia, Blastomonas and Thermomonas (LDA score 

≥ 2.0, q < 0.2) than those with the C allele. In the species level, Petrobacter 

succinatimandens, Brevibacterium paucivorans, Pseudomonas fragi, 

Cellulomonas xylanilytica, Ornithinimicrobium pekingense, Pseudomonas 

thermotolerans and Pannonibacter phragmitetus were significantly abundant in 

the participants with the GG genotype (LDA score ≥ 2.0, q < 0.2). Moreover, in 

the efavirenz group genera Ochrobactrum, Cryocola, Legionella, Actinobacillus, 

unclassified N09, Euzebya and Geodermatophilus; and species Petrobacter 

succinatimandens, Brevibacterium paucivorans, Pseudoclavibacter bifida and 

Ornithinimicrobium pekingense were significantly abundant (LDA score ≥ 2.0, 

q < 0.2) in the gut bacterial composition of participants with the GG genotype as 

compared to those with the A allele for rs17115310 SNP. 

3.8.4.3 SHROOM3 rs11724031 potential biomarkers 

Family Caldilineaceae in the general population (Figure 3.17A) was the only 

bacteria taxa significantly in the gut bacterial composition of participants with the 

AA genotype of rs11724031 SNP as compared to those with the GG genotype 

(LDA score ≥ 2.0, q < 0.2). None of the taxa were still significantly differentially 

significantly abundant when comparing the participants of GG genotype against 

those of AA genotype only in the efavirenz group (Figure 3.17B) after FDR 

correction (LDA score ≥ 2.0, q < 0.2). 

When comparing GG+GA against AA genotype in the general population (Figure 

3.18A), the latter genotype was significantly associated with abundance of 
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bacterial family Caldilineaceae (LDA score ≥ 2.0, q < 0.2). Looking only in the 

efavirenz (Figure 3.18B), the AA genotype was significantly enriched with 

bacterial family Caldilineaceae and genus Sneathia when compared with the 

presence of G allele (GG+GA genotype) after FDR correction (LDA score ≥ 2.0, 

q < 0.2). 

 

Figure 3. 17: Potential biomarkers for SHROOM3 rs11724031 by comparing GG vs AA 
genotypes 
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Figure 3. 18: Potential biomarkers for SHROOM3 rs11724031 by comparing GG+GA vs AA 
genotypes 

 

3.8.4.4 VDR rs1544410 potential biomarkers 

When comparing GG against AA genotype in the general population (Figure 

3.19A), the AA genotype was significantly associated with abundance of bacterial 

family Bartonellaceae (LDA score ≥ 2.0, q < 0.2). Looking only into the efavirenz 

group (Figure 3.19B), the AA genotype was significantly enriched with bacterial 

families Bartonellaceae and Sinobacteraceae when compared with the GG 

genotype after FDR correction (LDA score ≥ 2.0, q < 0.2). 
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Figure 3. 19: Potential biomarkers for VDR rs1544410 by comparing GG vs AA genotypes 

 

When comparing GG+GA against AA genotype, the gut bacterial composition of 

participants in the general (Figure 3.20A) with AA genotype was enriched with 

genus Azorhizobium and species Lactobacillus ruminis (LDA score ≥ 2.0, q < 0.2). 

Moreover, looking only in the efavirenz group (Figure 3.20B), family 

Sinobacteraceae and species Lactobacillus ruminis and Bifidobacterium bifidum 

were significantly abundant in the gut bacterial composition of participants with 

the AA genotype than those with the G allele (GG+GA genotype) after FDR 

correction (LDA score ≥ 2.0, q < 0.2). 
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Figure 3. 20: Potential biomarkers for VDR rs1544410 by comparing GG+GA vs AA genotypes 

 

 

3.8.4.5 VDR rs7975232 potential biomarkers 

For the rs7975232 SNP in general (Figure 3.21), the gut bacterial composition of 

individuals with the CC genotype were significantly enriched with genera 

Sneathia, Veillonella, unclassified WAL 1855D and Flavobacterium (LDA score ≥ 

2.0, q < 0.2) than those with the AA+AC genotype (A allele). At species level, 

Arcobacter cryaerophilus, Methylobacterium adhaesivum and Lactobacillus 

plantarum were identified to be significantly abundant in participants with the CC 

genotype (LDA score ≥ 2.0, q < 0.2). 
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Figure 3. 21: Potential biomarkers for VDR rs7975232 by comparing AA+AC vs CC genotypes 

 

3.8.4.6 LCT rs2164210 potential biomarkers 

As per the rs2164210 SNP, the gut bacteria for participants in general (Figure 

3.22A) with the CC genotype were found to be significantly (LDA score ≥ 2.0, 
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q < 0.2) enriched with genus Dyella and species Clostridium thermopalmarium 

and Capnocytophaga ochracea when compared with those with the TT genotype. 

However, when looking only in the efavirenz group (Figure 3.22B), none of the 

bacterial taxa were significantly differentially abundant after FDR correction (LDA 

score ≥ 2.0, q < 0.2) when comparing TT and CC genotypes of rs2164210 SNP. 

 

Figure 3. 22: Potential biomarkers for LCT rs2164210 by comparing TT vs CC genotypes 

 

When comparing the presence of T allele (TT+TC genotype) and its absence (TT 

genotype), the general population (Figure 3.23) showed that the TT genotype 
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was significantly enriched with the genus Dyella and species Clostridium 

thermopalmarium and Capnocytophaga ochracea (LDA score ≥ 2.0, q < 0.2). 

 

Figure 3. 23: Potential biomarkers for LCT rs2164210 by comparing TT+TC vs CC genotypes 

 

 

3.8.4.7 LCT rs7579771 potential biomarkers 

When comparing AA+TA and TT genotypes for the general population (Figure 

3.24), LEfSe results indicated that species Treponema amylovorum, 

Sphingobacterium multivorum and Cellulomonas xylanilytica were significantly 

abundant (LDA score ≥ 2.0, q < 0.2) in gut bacteria of the participants with TT 

genotype. 
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Figure 3. 24: Potential biomarkers for LCT rs7579771 by comparing AA+TA and TT genotypes 
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CHAPTER FOUR: DISCUSSION 

This study examined the interplay between host genetics, drug exposure and gut 

bacterial diversity of Black Zimbabweans. Host candidate SNPs and gut bacterial 

composition were characterised, and the drug levels were readily available. 

4.1 Findings on genetic variants’ frequencies 

In this study, frequency and distribution of 8 candidate SNPs in five genes that 

have been shown to influence gut bacterial profiles elsewhere were 

characterised. The SNPs were selected based on the MAFs reported in African 

populations. 

We report on the frequency of variant rs601338A of FUT2 (43%), which is 

comparable with that of other African (Luhya and Mende) and African American 

populations, since they all have African origin. However, it was not the case with 

Yoruba, whose rs601338A allele frequency was higher than in our Zimbabwean 

population. African populations are enriched with significant genetic diversity 

(Campbell and Tishkoff, 2008). Genetic admixture and gene flow could have led 

to difference in allele frequencies of this SNP. A study by Oussalah et al. (2012) 

in West Africa (Benin and Togo) also reported the occurrence of rs601338A = 

43%, which is the same as in our study population. Surprisingly, rs601338A 

frequency was also comparable between the population of this study and that of 

the European, however, some other studies show a range of A allele from 43% 

to 53% (Wacklin et al., 2014; Barton et al., 2019; Oussalah et al., 2012). 

rs601338A is responsible for the non-secretor phenotype in Europeans, Iranians, 

and Africans but not in Asians. rs601338A allele frequency of this study 

population was much higher than that of East Asian, probably because positive 

selection for rs601338 occurred in other populations (Ferrer-Admetlla et al., 

2009). Other studies show that rs601338A allele frequency was also less than 

1% in the East Asian population (Ferrer-Admetlla et al., 2009; Hu et al., 2014; 

Chen et al., 2017). 

The frequency of NCAM1 rs17115310G (23%) in this study population was 

comparable with that of African Americans, Luhya and European populations but 

not with the Mende, Yoruba and East Asian populations. Although there isn’t 
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much literature on this variant, differences in MAF among African populations 

could be due to geographical distribution (Choudhury et al., 2020). 

Literature on SHROOM3 gene is relatively scarce. rs11724031A frequency 

(19.2%) in this study population was comparable with other African populations 

tabled in this study. The frequency of this variant could be close to a fixation in 

African populations but not in populations out of Africa (Campbell and Tishkoff, 

2008). 

VDR gene is one of the genes that have been extensively studied. rs1544410, 

rs7975232 and rs731236 polymorphisms are usually studied in haplotypes and 

have been found to be in strong LD in a West African (The Gambia, Guinea, and 

Guinea-Bissau) populations (Bornman et al., 2004); and Egyptians (El-Shorbagy 

et al., 2017). In this study, the D’ is very strong between BsmI and ApaI and 

between ApaI and TaqI. A similar pattern was observed between TaqI and ApaI 

among Hispanic/Latina subjects (Mishra et al., 2013). 

Variation within the LCT gene has also been studied in haplotypes. In this study, 

rs2164210 and rs7579771 were studied and the D’ is very strong between the 

two loci. This LD between rs2164210 and rs7579771 has not been reported in 

any study. 

 

4.2 Comparing bacterial diversity with other populations 

In this study, we examined the effect of host genetics on the gut microbiome 

profiles of the black Zimbabweans. This is the first study to assess the influence 

of host genetics on the gut microbiome in black Africans. 

In the general population, the rs1544410 of VDR gene and rs7579771 of LCT 

gene influenced the evenness of gut microbiome. In the control group only, 

rs17115310 of NCAM1 gene and rs7579771 of LCT gene influenced the Shannon 

index and Faith PD. In the efavirenz group only, rs731236 of VDR gene had an 

influence in the alpha diversity of the gut bacteriome. The rs601338A of FUT2; 

rs1544410 and rs731236 of VDR; and rs7579771 of LCT showed to influence the 
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alpha diversity of the gut microbiome in the warfarin group. rs7579771 of LCT 

gene in showed to influence the diversity (alpha) of the gut microbiome. When it 

comes to the beta diversity, rs1544410 of VDR and rs7579771 of LCT showed to 

influence the alpha diversity of the gut microbiome in the warfarin group. 

rs7579771 of LCT gene showed to influence the diversity of the gut microbiome. 

In this study, Kocuria kristinae was found to be more reproducible within the FUT2 

gene. FUT2 rs601338 has been associated with an increased risk of Coeliac 

disease (CD) in infants (Parmar et al., 2012). Sánchez et al. (2013) isolated this 

species in Spanish children with active CD. Although this study did not look at the 

CD, this data could indicate that rs601338 of the FUT2 gene play a role in 

influencing the abundance of Kocuria kristinae. 

Family Caldilineaceae was found to be strongly associated with rs11724031 

SHROOM3 gene in this study’s population. Species of family Caldilineaceae 

have been isolated from thermophilic ecosystems before (Sekiguchi and Hanada, 

2020) but not in human gut microbiome. SHROOM3 gene has been studied and 

found to influence the cell morphology (Das et al., 2014). This could probably 

favour the adherence of Caldilineaceae family of bacteria in the gut, however this 

possible relationship has not been established in literature. 

Changes in the VDR gene has been associated with shift in the gut microbiome, 

more especially Parabacteroides (Jin et al., 2015). In this study, abundance of 

bacterial family Bartonellaceae and species Lactobacillus ruminis was more 

associated with the rs1544410 of the VDR gene. On the other hand, rs7975232 

of the VDR gene was found to be strongly associated with the abundance of the 

bacterial family Piscirickettsiaceae. The findings in this study differ from those in 

a German cohort (Wang et al., 2016) where the rs7974353, an intron variant of 

this gene was found to be associated with beta-diversity and abundance of 

Parabacteroides. 

LCT gene has been previously associated with the abundance of Bifidobactria 

(Goodrich et al., 2016). In this study, rs2164210 of the LCT gene has been found 

to be strongly associated with genus Dyella, species Clostridium 
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thermopalmarium and Capnocytophaga ochracea. Conversely, rs7579771 of 

LCT gene was Treponema amylovorum, Sphingobacterium multivorum and 

Cellulomonas xylanilytica. None of these bacterial taxa were closely related to 

the Bifidobacteria and these associations have not yet been observed in other 

studies. 

 

4.3 Significance of this study’s findings. 

Response to drug treatment shows inter-individual variability. This study looks at 

the potential influence of host genetics and drug therapy in gut bacterial diversity 

in African population of Zimbabwe. This could give a more meaningful insight into 

how the host genetics and gut bacterial diversity can influence drug response. 

These factors could come to aid in determining a more accurate dosing 

algorithms in African populations. This could potentially reduce the medical costs 

as we move from trial-and-error method of prescribing drugs to a more precise 

dosing driven by both host genetics and gut bacterial diversity among other 

factors. 

 

Conclusion 

Despite a relatively small sample size, this study presented the baseline 

composition and diversity of the gut bacteria in case-controlled manner in Black 

Zimbabwean women and identified possible bacterial taxa and host genetics that 

could be important in influencing drug response. A further research with a larger 

sample size could validate the findings of this study and compare with those from 

other populations.   
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Supplementary Figure 1: FUT2 GG vs AA 
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Supplementary Figure 2: FUT2 GG+GA vs AA 

 

Supplementary Figure 3: FUT2 GG vs GA+AA 
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Supplementary Figure 4: NCAM1 CC vs CG 




