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v ABSTRACT

The human gut microbiome, comprising symbiotic, pathogenic, and commensal organisms,
generally maintains a stable composition in adults but is influenced by diet, lifestyle, and
environment. South Africa's (SA) shift toward urbanization, with associated increases in
sedentary lifestyles and dietary changes, may profoundly impact health, yet understanding of
these effects on SA's gut microbiome remains limited. This study details the aim of a snapshot
characterization of the gut microbiome in a population of n = 220 urban professional South
Africans recruited from the CSIR campus (Pretoria) and the University of the Witwatersrand
(Johannesburg). Utilizing comprehensive demographic, lifestyle and dietary surveys (initial
123 variables refined to 101 informative variables) and a stool collection for microbiome
profiling, alongside PacBio 16S long-read sequencing and complementary short-read shotgun
metagenomics, this research further aims to reveal significant associations between microbial
community structure and host demographics, socioeconomic status (SES), diet, lifestyle, and

health-related factors.

Analyses demonstrated that microbiome composition significantly varies by age, gender, BMI,
and ancestry. Younger adults exhibited higher microbial diversity with enriched beneficial taxa
such as Bifidobacterium longum and Roseburia faecis, whereas older adults showed lower
diversity coupled with increased susceptibility pathways, including Staphylococcus aureus
infections. Gender-specific differences emerged, with males enriched in Prevotella stercorea
and phenylpropanoid biosynthesis pathways, and females characterized by Bacteroides dorei
and distinct lipid metabolism processes. Ancestry-related microbiome differences correlated
with dietary adaptations, including Prevotella dominance in African ancestry groups and
Bacteroides enrichment in Asian/Multi-ancestry groups. BMI analysis indicated microbial taxa
and metabolic pathways uniquely associated with underweight, normal, overweight, and
obese groups, highlighting metabolic flexibility and potential dysbiotic states. Notably, despite
substantial inter-individual taxonomic variability and limited species-level core microbiome
persistence over time, the functional profile remained remarkably stable (82% of functional
pathways), emphasizing metabolic redundancy and resilience within urban South African gut
ecosystems. Methodological comparisons between 16S long-read and shotgun sequencing
highlighted platform-specific biases, underscoring the importance of integrated multi-omics

approaches for accurate functional interpretation.

This study contributes to the field by characterizing a novel, understudied South African
population, challenging Eurocentric microbiome paradigms, and emphasizing urbanization's
dual role as disruptor and adapter of gut microbial communities. It advocates for locally tailored
microbiome interventions and highlights microbial signatures linked to modifiable urban

stressors such as diet and environmental exposures. Future research should prioritize
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longitudinal multi-omics studies, causal inference analyses, and subpopulation-specific

validations to inform targeted public health strategies in rapidly urbanizing African contexts.
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1. Introduction

The microbiome is a dynamic ecosystem comprising diverse microorganisms that interact with
each other and their environment. These interactions can lead to functional stability under
certain conditions, often described as homeostasis (Berg et al., 2020). The human microbiome
includes communities of commensal, symbiotic, and pathogenic microorganisms inhabiting
distinct biogeochemical niches across the body. While homeostasis is a common framework
for understanding microbiome dynamics, it is not universally consistent; disruptions (e.g.,
dysbiosis) i.e. transient states of imbalance, frequently occur due to external stressors or
competitive interactions. These microbial communities — comprising bacteria, viruses,
archaea, and fungi — engage in cooperative, neutral, and antagonistic (including competitive)

interactions, which may shift in response to environmental pressures (Lebba et al., 2016).

Biogeochemical niches across the body include sites like the gastrointestinal tract (i.e. “gut”),
urogenital, and respiratory tracts, as well as organs like the liver, skin, lungs, and kidneys.
Each of these sites has a unique microenvironment that shapes its local microbial communities
(Reynoso-Garcia et al., 2022). The skin and respiratory tract, for example, are dominated by
strict aerobic species, while the gastrointestinal tract houses both facultative aerobes and
anaerobic species (Dekaboruah et al., 2020). Bacteria account for more than 90% of the
human microbiome with the average human body hosting approximately 39 trillion bacterial
cells, compared to 30 % 8 trillion human cells, majority of which reside in the gut (Hatton et al.,
2023; Sender & Milo, 2021).

The human gut, specifically the colon, is recognized as the richest source of microbial density
in the human body and is a source of microbes that colonize other anatomical sites (Reynoso-
Garcia et al., 2022; Sender et al., 2016). With more than 23 million genes in total, the gut
microbiome encodes 50- to 100-fold more genes than the human genome (Sender et al., 2016;
Tierney et al., 2019). The gut microbiome's composition and diversity influence various
physiological processes, including digestion, metabolism, and immunity, and is in turn
influenced by various factors such as diet, lifestyle, and environmental exposures
(Zimmermann et al., 2019). For instance, the production of short-chain fatty acids (SCFAs) by
gut bacteria during the fermentation of dietary fibres plays a significant role in energy
metabolism and immune regulation, highlighting the microbiome's impact on host physiology
(Fujisaka et al., 2023). Thus, the human microbiome plays a crucial role in the overall function

of the human body and is an essential component of human health.

Geographic location is a major factor in shaping the environmental landscape and contributes
up to 20% of the variance observed in an individual's gut microbiome (Rothschild et al., 2018;

Vangay et al., 2018). In line with the global trend, South Africa (SA) has seen an increase in
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non-communicable diseases (NCDs) prevalence, with a 27% probability of dying between the
ages of 30 and 70 years as a result of cardiovascular diseases (CVDs), diabetes, cancers, or
chronic respiratory conditions (Johnson et al., 2021; World Health Organization, 2023). The
increase in NCDs prevalence in SA is a cause for concern and these conditions are associated
with imbalances of the gut microbiome, which may contribute to their onset and progression
(Qin et al., 2012; Ferreira et al., 2018; Helliwell et al., 2019; Oduaran et al., 2020). Recent
seminal efforts have sought to address the historical lack of representation for South African
cohorts in global microbiome datasets (Allali et al., 2021; Maghini et al., 2025). However
further studies are needed to fully capture the diverse diet, lifestyle and socioeconomic factors
linked to microbiome diversity within SA. The characterisation of gut microbiome profiles
across diverse local population groups will support efforts to more comprehensively illuminate
the complex interplay between the environment, human health, and the gut microbiome,

particularly in the context of South Africa's unique ecological and cultural landscape.

1.1. Background and rationale

South Africa’s cultural diversity, encompassing unique lifestyles, diets, and social practices,
significantly shapes the gut microbial profiles of its population (van Zyl et al., 2020). Recent
urbanization trends have driven shifts toward processed diets and sedentary behaviours,
contributing to rising rates of metabolic and mental health conditions such as hyperglycaemia,
obesity, and depression (Millington, 2019; Mutyambizi et al., 2020; Ramaboli et al., 2024).
While lack of exercise is not inherently a pathology, it is a critical modifiable risk factor that
exacerbates these conditions and influences gut microbiota composition (Wegierska et al.,
2022). For instance, sedentary lifestyles correlate with reduced microbial diversity and altered
SCFA production, which may mediate their metabolic consequences (Bressa et al., 2017).
These transitions underscore the "microbiota-dependent” nature of diseases linked to under-
and over-nutrition, which remain a public health burden across South Africa and the African
continent (Blanton et al., 2016; Gémez-Gallego et al., 2019; J. L. Sonnenburg & Backhed,
2016).

Despite the growing interest in gut microbiome research in Africa, studies have primarily
focused on gut dysbiosis associated with malnutrition and its treatment, with an emphasis on
the "rural to urban" transition that contributes to increasing disease risks in African populations
(Alou et al., 2016). However, there is a significant gap in research on the gut microbial profiles
of adults in urban South Africa (Brewster et al., 2019). This study aims to address this gap by
characterizing the gut microbial profile of a novel and diverse urban professional South African
niche group to investigate links between microbial community composition and individual

phenotypes.

Page 24 of 253



1.1.1. Gut dysbiosis and health outcomes

Gut dysbiosis is a term used to describe an imbalance in the gut microbial communities that
can lead to negative health outcomes (Humphreys, 2020). Dysbiosis can be caused by a
range of factors, including antibiotic use, dietary changes, and lifestyle factors (Messer &
Chang, 2018). Studies have shown that gut dysbiosis is associated with a range of health
conditions, including metabolic disorders, inflammatory bowel disease, and mental health
disorders (Brown et al., 2012; Kho & Lal, 2018). The gut microbiome plays a crucial role in
regulating metabolic processes, including glucose and lipid metabolism, which is involved in
diseases such as type 2 diabetes and obesity (Qin et al., 2012; Schoeler & Caesar, 2019). In
addition, inflammatory bowel disease, which includes Crohn's disease and ulcerative colitis,
has also been linked to alterations in the gut microbiome, with dysbiosis potentially contributing
to the onset of these conditions (Zhang et al., 2022). Mental health and neurocognitive
disorders, including anxiety, depression and Alzheimer’s Disease, have also been directly

correlated to alterations in the gut microbiome (Tremlett et al., 2017; Yang et al., 2022).

In South Africa, persistent high rates of obesity are linked to increased risk of mortality,
especially in young women. Obesity prevalence in adults is significantly higher in SA than
most low- and middle-income countries, affecting approximately 39% and 10% of women and
men, respectively (Kruger et al., 2022; NCDRIisC, 2016; UNICEF, 2022). This may be due to
changes in dietary habits and sedentary lifestyles, leading to gut dysbiosis (Wandai et al.,
2020). Therefore, investigating the association between gut dysbiosis, dietary habits, lifestyle
factors and other variables in a diverse urban South African population is crucial to improving
future understanding around the potential role of gut dysbiosis in the development of these
health conditions. The findings of this study may also provide insights into potential
interventions to prevent or treat these conditions by improving the gut microbiome through

personalised medicine and other strategies.

1.1.2. Dietary habits and lifestyle factors

Dietary habits and lifestyle factors can influence gut microbial composition and diversity. In
South Africa, a range of dietary habits and lifestyle factors may contribute to gut dysbiosis. For
example, the consumption of a high-fat, high-sugar diet has been linked to reduced microbial
diversity and increased levels of bacteria, like Bacteroides and Prevotella, in the gut
(Hildebrandt et al., 2009; Shon et al., 2023). Additionally, physical inactivity has been

associated with similar adverse alterations in diversity (van Zyl et al., 2020).

The process of urbanization in South Africa has brought about significant changes in the food
landscape, with a shift from subsistence farming and local produce to a greater reliance on

packaged, processed foods available at supermarkets and street vendors (Pereira, 2014).
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This transition has been accompanied by a pervasive influence of media and advertising on
consumer behaviour, influencing the purchasing and consumption decisions made by people
across the country. Unfortunately, many consumers struggle to make healthy food choices,
as they are often unable to decipher food labels (Yenerall et al., 2015). As a result, the dietary
patterns of South Africans have changed dramatically in recent years, with an increased intake
of energy-dense, nutrient-poor foods being a major contributor to the high prevalence of

chronic diseases in the country (Kruger et al., 2022).

This study aims to investigate the association between gut microbiome status and factors such
as those introduced that influence gut microbial composition in a diverse urban South African
population. This will be achieved by collecting data on dietary habits, physical activity levels,
and other lifestyle factors using validated questionnaires and a relatively novel microbiome

sequencing technique, to characterize and unveil South African microbial diversity.

1.1.3. Gut microbiome analysis methods

Second-generation short-read sequencing (e.g., lllumina) has revolutionized microbiome
research through cost-effective, high-throughput profiling of microbial communities, primarily
via targeted 16S rRNA gene sequencing of hypervariable regions (e.g., V3 — V4) (Tedersoo
et al., 2018; Xu et al., 2019). However, this approach suffers from accuracy and reproducibility
limitations: taxonomic resolution is constrained by variable phylogenetic signals across
hypervariable regions, with cases of bacterial genera being indistinguishable at the species
level due to > 97% sequence similarity (Caudill & Brayton, 2022; Vétrovsky & Baldrian, 2013);
and primer bias introduces variability, as demonstrated by researchers (Biol-Aquino et al.,
2019), where V3 — V4 primers inflated Bifidobacteria abundance in infant gut samples
compared to V4 — V5 primers. Short-read lengths (< 500 bp) further hinder assembly of
structural variations critical for strain-level analysis, especially in underrepresented

populations (Zeevi et al., 2019).

Third-generation long-read sequencing (e.g., Pacific Biosciences (PacBio) HiFi, Oxford
Nanopore Technologies (ONT)) addresses these limitations by capturing full-length 16S rRNA
genes (~ 1,500 bp) in a single read, eliminating primer bias and standardizing taxonomic
classification (Ho et al., 2020). Full-length or long-read 16S enhances reproducibility by
ensuring consensus across studies and improves accuracy through species-level
discrimination (Lin et al., 2024). Recent advances have also drastically reduced error rates
where long-reads reach > 99.9% accuracy (Q30), surpassing early long-read platforms (11 —
14% errors) and rivalling short-read accuracy (Earl et al., 2018; Gehrig et al., 2022; J. S.
Johnson et al., 2019; D. Lang et al., 2020; Roberts et al., 2013).
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Shotgun metagenomics, applicable to both short- and long-read platforms, bypasses PCR
amplification by sequencing all DNA in a sample, enabling whole-genome reconstruction and
functional insights (Gand et al., 2024). While short-read shotgun sequencing dominates for
cost, long-read shotgun excels in resolving complex genomic regions (e.g., mobile elements,
repetitive sequences) and linking antimicrobial resistance genes to hosts (Gand et al., 2024).
However, taxonomic assignment challenges persist due to database inaccuracies and lack of
appropriate geographical representation (Campos et al., 2022). Public repositories (e.g.,
SILVA, Greengenes) contain misclassified sequences (0.2 — 2.5%) and gaps in unclassified
taxa (Campos et al., 2022; Kozlov et al., 2016). Custom databases improve resolution (Myer
et al., 2020), but emerging tools leveraging FL 16S data now reduce misclassification by
resolving ambiguous regions (Cabezas et al., 2024). Therefore, while short-read technologies
remain practical for large-scale 16S surveys, long-read sequencing — whether FL 16S or
shotgun — offers superior reproducibility, accuracy, and genomic context, enhancing standards

for microbiome analysis.

Advances in sequencing technologies, such as ONT and PacBio, have provided powerful tools
for resolving metagenomic complexity, yet their adoption in African microbiome studies
remains limited compared to shotgun sequencing. Despite their advantages, challenges such
as cost, infrastructure requirements, and technical expertise have hindered widespread use
in Africa. For instance, the AWI-Gen 2 Microbiome Project primarily employed lllumina-based
shotgun sequencing to maximize data consistency and accessibility across diverse African
sites, while highlighting the potential for long-read sequencing to expand reference genome
collections in future studies (Maghini et al., 2025). Similarly, short-read sequencing dominated
earlier studies in South Africa, such as the analysis of urban and rural gut microbiomes, which
noted the limitations of incomplete genomic resolution (Tamburini et al., 2022). Increased
adoption of long-read sequencing platforms in Africa could significantly enhance our

understanding of the continent's unique microbiome diversity and its implications for health.

Cost-benefit analysis

Second-generation sequencing (NGS) technologies have become indispensable tools for
exploring the gut microbiome, but the choice between short-read and long-read approaches
involves careful consideration of cost, accuracy, and the specific research question. While
second-generation short-read sequencing initially dominated due to its high throughput and
lower per-base cost, third-generation long-read sequencing is rapidly becoming a competitive
and often advantageous alternative, especially for comprehensive 16S rRNA gene

characterization (Ciuffreda et al., 2021).
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The cost of genome sequencing has dramatically decreased, driven by technological
advancements and market competition. The cost to sequence a human genome has fallen
significantly in recent years, reaching levels as low as $600 in early 2025 and with ongoing
efforts to achieve the "$100 genome" (Giani et al., 2020; 3billion, 2023; Complete Genomics,
2024; GlobeNewswire, 2024, 2024). However, for microbiome studies, the cost per gigabase
(Gb) and overall yield are more relevant metrics for platform comparison. lllumina platforms
offer a range of options, from the more affordable iSeq series to the high-throughput NovaSeq
series. While older data (Vilella, 2019) suggested a substantial cost difference between short-
read and long-read platforms (Table 1.1), recent pricing indicates a narrowing gap, particularly
when considering the benefits of long-read sequencing for 16S rRNA gene analysis.

Table 1.1 Comparative summary of the cost, quality, read length and yield of short- and long-
read sequencing platforms

Platform* Cost per Gb* Quality Read length* Yield*

lllumina iSeq100 $521 > 89% bases = Q30**  2x 150bp paired-end 1.2Gb

lllumina NovaSeq S4 $4.80 = 85% bases = Q30 2x 150bp paired-end  6000Gb
lllumina NovaSeq X Plus ~ $3- $7 = 90% bases = Q30 2x 150bp paired-end  Up to 16,000Gb
PacBio RSII $200 Q50 (>99.999%)° 20Kbp 12Gb

PacBio Revio $10 - $20 HiFi >Q30 (>99.9%) Up to 75Kbp Up to 1,500Gb

*Data adapted from: Dr A Vilella, 2019; lllumina, 2021; Macrogen, 2020; lllumina, 2024; PacBio, 2024; ONT, 2024. Jumina, 2017; °“Macrogen,
2020. Cost per Gb and Yield ranges are approximate and depend on kit configuration and sequencing run parameters. Quality metrics are

representative and may vary.

While circular consensus sequencing (CCS) in PacBio and 2D sequencing or high-accuracy
base calling in ONT were initially associated with higher costs compared to short-read
sequencing (Giani et al., 2020), this is no longer universally true. PacBio HiFi sequencing,
utilizing CCS, now achieves high accuracy (> 99.9% or Q30) with costs becoming increasingly
competitive (PacBio, 2024). ONT's MinlON, known for its affordability and portability,
particularly regarding instrument cost, can be especially attractive in resource-limited settings
(Adewale, 2020; Kraft & Kurth, 2019). The MinlON Mk1C, for instance, offers a relatively low
entry barrier and can be deployed in field settings, reducing sample transportation costs and
turnaround time (ONT, 2024). Furthermore, for targeted 16S rRNA gene sequencing, the long
reads generated by PacBio and ONT eliminate the need for assembly and primer bias
associated with short-read approaches, potentially reducing computational costs and

improving the accuracy and reproducibility of taxonomic profiling (Ciuffreda et al., 2021).

While lllumina short-read platforms still offer unmatched throughput for applications requiring
massive sequencing depth, for many gut microbiome studies, particularly those focused on
comprehensive 16S rRNA gene characterization and in settings with budget constraints, long-
read sequencing platforms are emerging as a highly viable and increasingly cost-effective
option (Cha et al., 2023; Ciuffreda et al., 2021). The choice ultimately depends on the specific

research question, desired depth of sequencing, and available resources, but the advantages
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of long-read sequencing in terms of accuracy, full-gene coverage, and potential for cost

savings in specific applications warrant careful consideration, especially in resource-limited

environments. Utilizing full-length or third-generation sequencing technologies enables more

accurate resolution of novel microbial variants in understudied regions, such as the gut

microbiome of South African urban professional populations, thereby advancing our aim to

characterize unique microbial diversity and its functional relevance.

1.2. Research aim and objectives

The overarching aim of this study is to generate a snapshot of the gut microbial diversity within

a niche, urban South African population group. The primary aims and objectives nested in this

research are:

1.

To produce a novel full-length 16S sequencing microbiome dataset of urban professional

South Africans (SAN) and optimize bioinformatics pipelines for their analysis. This will be

achieved through the following objectives:

a.

To recruit 250 participants from two urban locations (Council for Scientific and
Industrial Research (CSIR), Pretoria; University of the Witwatersrand, Johannesburg)
using a convenience sampling approach.

To collect electronic anthropological participant data using REDCap following informed
consent.

To collect biological samples (stool) from all participants at a single time point, as well
as a second sample as a longitudinal population subset.

To obtain raw DNA sequencing data extracted from stool samples followed by long-
read sequencing and shotgun metagenomics using the PacBio and Illumina platforms,
respectively.

To assess and validate optimized bioinformatics pipelines on the long-read

metagenomic data and compare with shotgun sequencing.

To conduct an exploratory analysis to characterize the microbial diversity to inform

associations with diet, lifestyle, socioeconomic status and health in the South African

context. The research objectives of this aim are:

a.

To investigate the alpha and beta diversity and taxonomic composition of the SAN
study population across different groups derived from the anthropometric survey.

To assess the differential abundance between groups and the predicted functional
profiles of the gut microbiome.

To assess the taxonomic and observed functional profile concordance between the
long-read and the subset short-read dataset.

To assess the compositional and functional stability of a longitudinal subset of the SAN

population gut microbiome over two timepoints.
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e. To contextualize the SAN study population microbial profile with comparative African
(AWIGEN1) and global (American Gut Project) cohorts.

1.3. Significance of the study

Urbanization drives profound shifts in human lifestyles, yet its impacts on gut microbial ecology
in transitional African populations remain poorly understood. South Africa’s urban
professionals — a demographic navigating rapid dietary, environmental, and socioeconomic
change — represent a critical but understudied cohort for investigating how modern stressors
reshape microbiome stability and health linkages. Current microbiome research
disproportionately focuses on people living in Western countries, perpetuating biases in
biomarker discovery and health interventions. This study addresses these gaps by employing
third-generation PacBio long-read 16S sequencing and shotgun metagenomics to
characterize gut microbial composition and function in urban South Africans. By resolving
taxonomic complexity at species-level resolution and contextualizing findings within local
dietary, lifestyle, and environmental exposures, this work aims to clarify how microbial
communities adapt to — or destabilize under — urbanization’s pressures. The methodological
integration of long-read sequencing with metagenomics may further expose limitations in
functional inference from 16S data, advancing best practices for studying underrepresented
populations. Ultimately, this research seeks to initiate the infrastructure platform to inform
equitable public health strategies tailored to South Africa’s unique urbanization challenges,

where non-communicable diseases disproportionately burden transitioning communities.

1.4. Thesis structure

The thesis will follow a 'block’ format, which is the conventional monograph format. The thesis
will be divided into eight chapters, including Introduction, Literature review, Methods, Results,
Discussion, Conclusion, References and Appendices. All the results will be grouped together
into one 'block’, while the references will be presented as the final item of the thesis, followed
by relevant appendices. Additional data and figures will also be included as supplementary
files and referenced accordingly. This format allows for a clear and organized presentation of

the research, with a focus on the results and their interpretation.

2. Literature review

2.1. Overview of the gut microbiome

The human gut, specifically the colon, harbours the richest microbial density in the human
body and is a source of microbes that colonize other body sites like the liver and mammary
glands (Reynoso-Garcia et al., 2022; Sender et al., 2016). The gut microbiome contains over

23 million genes, exceeding the human genome's gene count by 50- to 100-fold (Sender et
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al., 2016; Tierney et al., 2019). The gut microbiome functions as a "second genome" for
humans, encoding enzymes, proteins, and signalling molecules that regulate host physiology
from energy production to inflammation across the body (Grice & Segre, 2012; Tierney et al.,
2019). The establishment of this intricate microbial community begins at birth and develops

rapidly during infancy.

2.1.1. The establishment of the gut microbiome

Although the establishment of the gut microbiome is still an active area of research (Aagaard,
2021), the current scientific consensus is that the gut is sterile in utero but becomes rapidly
colonized by microbes at birth and during early infancy. Colonization involves four phases: 1)
a sterile prenatal phase, though microbial DNA in placental tissues suggests possible in utero
seeding; 2) acquisition from maternal and environmental microbes during delivery; 3)
breastfeeding or formula feeding which differently diversify the microbiome; and 4) introduction
of solids leading to an adult-like microbiota by 3 years old (Aagaard et al., 2014; Jiménez et
al., 2008). Vaginal delivery seeds the newborn gut with maternal vaginal microbes, while C-
section delivers skin microbes, originally thought to durably impact microbiome composition
(Dominguez-Bello et al., 2010). However, after 6 weeks, delivery mode effects seem to
subside (Chu et al., 2017). Generally, breastfed infants harbour more Bifidobacteria, which
regulate immunity and early community structure, whilst formula feeding promotes more
diverse gut microbes with lower Bifidobacteria (Laursen, 2021; Lay et al., 2005; Ruiz et al.,
2017).

The first colonizers in infancy include Bacteroides, Lactobacillus, Bifidobacterium,
Escherichia, and Klebsiella (Backhed et al., 2015; Chu et al., 2017; Koenig et al., 2011). They
enrich metabolic pathways that utilize glucose and synthesize amino acids, cell wall
components, and B vitamins to support growth, metabolism, and neurodevelopment in a
critical developmental window (Chu et al., 2017; Kennedy, 2016). Though many studies focus
on non-African populations, research across diverse and African-centric cohorts is needed to
fully understand microbiome variability worldwide, which informs its composition and

functional properties in geo-specific contexts across the individual lifespan.

2.1.2. Composition and function of the human gut microbiome

The composition and function of the human gut microbiome are shaped by a dynamic interplay
of diet, lifestyle, genetics, and environmental exposures such as medications and hygiene
practices (Gomez et al., 2016; Wu et al., 2011). While much of this understanding derives from
Western populations, emerging research highlights distinct microbial signatures in African
cohorts, reflecting unique dietary, socioeconomic, and environmental contexts (Brewster et

al., 2019). For instance, African gut microbiomes often exhibit inverse gradients of Bacteroides
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and Prevotella abundance, driven by protein / fat-rich versus plant-based diets — a pattern
starkly contrasting with Western populations (Brewster et al., 2019). These differences
underscore the critical need for region-specific studies, particularly in Africa, where factors like
antibiotic overuse and variable sanitation practices disproportionately disrupt microbial

equilibrium, favouring pathogenic taxa and xenobiotic metabolism (Hansen et al., 2019).

Globally, gut microbiomes cluster into three functional "enterotypes" dominated by
Bacteroides (enterotype 1), Prevotella (enterotype 2), or Ruminococcus (enterotype 3), which
are independent of geography, ancestry, or demographics (Arumugam et al., 2011). These
enterotypes reflect specialized metabolic roles: Bacteroides-enriched communities prioritize
carbohydrate and protein fermentation, while Prevotella and Ruminococcus dominate systems
adept at degrading mucin glycoproteins (Derrien et al., 2004). Interactions between these taxa
drive ecological equilibria, balancing competition and cooperation to sustain community
structure (Mobeen et al., 2018). All enterotypes contribute to vitamin synthesis (e.g., biotin,
riboflavin), though their relative metabolic strengths differ, emphasizing functional redundancy

as a hallmark of microbiome resilience (Arumugam et al., 2011).

Functionally, the gut microbiome produces metabolites like short-chain fatty acids (SCFASs)
and lipopolysaccharides, which regulate inflammation, immunity, and cross-organ
communication (Louis et al., 2014). Despite taxonomic variability — dominated by Firmicutes,
Bacteroidetes, Actinobacteria, and Proteobacteria — functional stability often persists,
suggesting metabolic pathways are conserved even as species turnover occurs (Sender et
al., 2016). However, reduced microbial diversity, a hallmark of dysbiosis, is consistently linked
to disease (Gacesa et al., 2022), underscoring the need to preserve microbial richness through
context-specific interventions. In Africa, this requires reconciling urbanization’s dietary shifts
with traditional practices to mitigate risks of non-communicable diseases. Therefore,
understanding the factors that contribute to maintaining a diverse and balanced gut

microbiome is crucial for promoting optimal health outcomes.

2.1.3. Intrinsic and extrinsic factors influencing gut microbiome diversity

The human gut microbiome is a complex and dynamic ecosystem, shaped by a multitude of
interrelated environmental, dietary, and host-associated factors. Geography and location have
an important influence, with significant differences observed between rural and urban areas
(Yatsunenko et al., 2012; Oduaran et al., 2020; Maghini et al., 2025), as well as between
different countries and regions globally (Schnorr et al., 2014). These geographical differences
may be driven by variations in diet, cultural practices, sanitation, and other environmental

exposures.
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Diet is considered one of the most impactful factors modulating gut microbial diversity and
function (O’Hara & Shanahan, 2006). High-fat, high-sugar Western diets associate with
decreased diversity, reduced levels of beneficial microbes, increased pathogens, and higher
risk of dysbiosis (Gacesa et al., 2022). In contrast, diets rich in fibre and plant polysaccharides
promote microbial diversity, elevate beneficial microbes like Bifidobacterium and
Lactobacillus, and support gut health (Aagaard et al., 2014). The dietary components provide
selective metabolic nutrients favouring the growth of distinct microbial communities. Age is
another key host factor affecting the developmental trajectory of the gut microbiome over the
human lifespan. Infants harbour a relatively simple microbiome which diversifies over the first
2-3 years of life (Laursen, 2021; Yatsunenko et al., 2012). Aging leads to reduced diversity
and altered composition, including decreased levels of health-promoting Faecalibacterium
(Claesson et al., 2010).

Beyond intrinsic host factors, a variety of external exposures and interventions can disrupt the
gut microbial ecosystem. The administration of antibiotics significantly depletes microbial
diversity and alters community structure, with effects sometimes lasting months or years after
treatment cessation (Dethlefsen & Relman, 2011). Non-antibiotic medications like proton
pump inhibitors also impact the relative abundance of certain microbial taxa and promote
dysbiosis (Reveles et al., 2018). Environmental contaminants such as heavy metals and
pesticides have been linked to changes in the gut microbiome as well, including decreased
diversity and richness (Valles & Francino, 2018). Chronic psychological stress may also
contribute to dysbiosis through effects on gastrointestinal physiology and immune function

(Doroszkiewicz et al., 2021).

Lifestyle factors additionally intersect with microbial community structure and activity.
Smoking, alcohol consumption, physical inactivity, disturbed circadian rhythms, and other
unhealthy lifestyle choices have been associated with dysbiotic patterns in the gut microbiome
(Khaledi et al., 2024; Wang et al., 2021). Chronic sleep deprivation may reduce microbial
richness and diversity, while exercise appears to increase microbial diversity and elevate
SCFA-producing bacteria (Wang et al., 2021; Yu et al., 2019). The multidimensional interplay
between diet, medication, stress, toxins, lifestyle behaviours, and the gut microbiome remains
incompletely characterized but highlights potential avenues for modulating the microbiome

through lifestyle and environmental modifications.

The role of host genetics in shaping the gut microbiome remains an active area of investigation
with evolving perspectives. Rothschild et al. (2018) conducted a landmark study of 1,046
healthy individuals with both metagenomic and genetic data, finding that the microbiome was

not significantly associated with genetic ancestry and estimating overall microbiome
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heritability at only 1.9%. Their analysis demonstrated that environmental factors explained
approximately 20% of microbiome B-diversity variance, while genetics contributed minimally.
Similarly, He et al. (2018) examined over 7,000 individuals across different regions in China
and found that host location rather than genetics was the strongest determinant of microbiome
variation, with microbiome-based disease models failing when applied across different

geographical locations.

More recent work from the Dutch Microbiome Project (Gacesa et al., 2022) confirmed these
patterns while reporting slightly higher heritability rates — about 6.6% of taxa showed
significant heritability, though 48.6% of taxa variance was explained by cohabitation rather
than genetics. These studies collectively employed different methodological approaches
including twin studies, family structures, and population-level analyses, yet consistently
demonstrate that while certain specific taxa show heritable patterns, the overall microbiome
composition is predominantly shaped by environmental factors, diet, medication use, and

shared household environments.

Despite progress, the relative contributions of host genetics versus environmental drivers
remain poorly resolved. Targeted studies in underrepresented populations are critical to
disentangle these interactions and advance personalized strategies for optimizing gut
ecosystems. Prioritizing diet and lifestyle modifications offers a pragmatic approach to

mitigating dysbiosis and its associated disease burden.

2.2. Gut microbiome and human health

The human gut microbiome plays a critical role in health. Dysbiosis, or imbalance of gut
microbes, associates with diverse pathologies including immune disorders like asthma and
inflammatory bowel disease, metabolic disorders like obesity and diabetes, and neurological
conditions like Parkinson's disease (Frati et al., 2018; Musso et al., 2010; Scheperjans et al.,
2015; Xavier & Podolsky, 2007). Dysbiosis also links to major African health challenges
including infectious diseases, cardiovascular disease, cancer, and mental illness
(Bhattacharjee & Lukiw, 2013; Feng et al., 2016; Koay et al., 2018; Liu et al., 2021). While
further research is needed to establish causality, the gut microbiome shows potential as a

biomarker or therapeutic target for major diseases in Africa and globally.

2.2.1. Gut-organ axes

The gut is not only responsible for the digestion and absorption of nutrients but also plays a
vital role in the regulation of other organ systems in the body. Emerging evidence suggests
that the gut microbiome interacts with multiple organ systems through neural, immune,
endocrine, and metabolic pathways, termed gut-organ axes (Figure 2.1). The bi-directional

communication along these axes allows gut microbes to influence physiology and disease at

Page 34 of 253



both intestinal and extra-intestinal sites. Dysbiosis can disrupt gut-organ communication,
contributing to systemic effects and disorders in distant tissues and organs, which will be

explored further in the following sections.

The gut-brain axis and neurological health

The gut-brain axis integrates neurological, immunological, endocrine, and metabolic pathways
to enable bi-directional communication between the gut microbiome and the brain. Research
in germ-free mice demonstrates the microbiota's role in neurodevelopment, brain function,
neurotransmitters, stress response, anxiety, and cognition (Luczynski et al., 2016). Western
diets high in fat and sugar can disrupt gut microbes, increase intestinal permeability, drive
inflammation, and compromise the blood-brain barrier, negatively impacting the gut-brain axis
(Noble et al., 2017). Along with diet — stress, infections, and antibiotics also promote dysbiosis,

contributing to neurodegenerative disorders (Doroszkiewicz et al., 2021).

Gut-organ axes and dysbiosis conditions in the African context

SO A

Brain

Neurodegeneration
e.g.Alzheimers
Brain he.a.ith inpgds: Liver health impacts
+ Cognitive decline * Fatty liver disease
* Mental hedth * Proteobacteria * Hepatitis

« Neurotransmitters
* Inflammation

AT * Metabolites

Bifidobacterium

* Immune modulation
* Inflammation
l « Barrier function I

* Bile acids
* Metabolic products

« Immune signals Liver
Prevotella *Blact_eroldetes Liver disease
Firmicutes Firmicutes e.g.NAFLD

Faecalibacterium *P et
roteobacteria

* Proteobacteria

Resordtay hedthimpeds:
* TBsusodility
* QDO Aity

Figure 2.1 Overview of the gut-organ axes and their implications for various health conditions
within the African context. This diagram shows relationships between the gut microbiome and
the brain, lungs, and liver, highlighting how diet and infections influence conditions like
Alzheimer's, TB, COVID-19, and liver diseases. Key microbial taxa linked to each health
condition are also shown.

Links between the gut microbiome and psychiatric and neurological conditions like

Alzheimer's, Parkinson's, depression, autism, and multiple sclerosis continue to emerge
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(Doroszkiewicz et al., 2021; Sherwin et al., 2018; Westfall et al., 2017). Neurodegenerative
diseases involve progressive loss of neurons, leading to long-term cognitive and motor
impairments influenced by genetic and environmental factors. Alterations in the gut
microbiome may impact neurodegenerative disease risk by modulating nervous system

development and function (Fung et al., 2017).

In Alzheimer's disease, amyloid beta plaques may originate from the gut microbiome before
translocating to the brain, suggesting a gut-brain axis role in pathogenesis (Sun et al., 2020).
Alzheimer's patients exhibit decreased gut microbial diversity, including fewer Firmicutes and
more Bacteroidetes (Vogt et al., 2017). Transferring healthy gut microbes to Alzheimer's
model mice alleviates pathology and symptoms, indicating microbiome-based treatment
potential (Kim et al., 2020). In Parkinson's disease, a prevalent neurodegenerative disorder,
dual hits in the gut and nasal cavity may precede disease onset in the brain. Parkinson's
patients frequently have earlier gastrointestinal dysfunction and distinct gut microbiota profiles,

supporting a gut-brain connection (Fang et al., 2020; Petrov et al., 2017).

Human cell-based models like gut and brain organoids show promise for elucidating
mechanisms of gut-brain crosstalk absent in animal models. With increased life expectancy in
Africa to ~65 years (Macrotrends, 2025), the burden of age-related neurodegenerative
disorders is rising. Although gut microbial signatures associate with amyotrophic lateral
sclerosis, Parkinson's, and Alzheimer's (Fang et al., 2020; Peng et al., 2018; Petrov et al.,
2017), transplanting beneficial microbes ameliorates neurodegenerative symptoms in animal
models, highlighting the gut microbiome's therapeutic potential (Kim et al., 2020; Sun et al.,
2018). This warrants exploration to address associated mental health disorders like anxiety
and depression prevalent in Africa (SADAG, 2019).

The gut-liver axis and cellular models

The gut-liver axis enables critical bidirectional communication between the intestinal
microbiome and the liver. The gut microbiome regulates liver function through production of
metabolites like short-chain fatty acids that modulate hepatic metabolism and inflammation
(Racanelli & Rehermann, 2006). Dysbiosis of the gut microbiome associates with chronic liver
diseases including non-alcoholic fatty liver disease (NAFLD), alcoholic liver disease, cirrhosis,
hepatitis C virus infection, and liver cancer (Inoue et al., 2022; Schneider et al., 2022; Wang
et al., 2021).

Non-alcoholic fatty liver disease represents a major public health issue, affecting 30% of adults
globally (Younossi et al., 2023). It encompasses progressive liver pathology from benign
steatosis to cirrhosis and hepatocellular carcinoma. NAFLD links to altered gut microbial

composition independent of obesity and insulin resistance, with depleted Bacteroidetes and
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Firmicutes and increased faecal propionate and isobutyric acid (Da Silva et al., 2018). Obese
individuals exhibit a Proteobacteria-enriched liver microbiome signature correlating with
NAFLD severity, suggesting the hepatic microbiome as an early NAFLD risk factor (Suppli et
al., 2021). The gut microbiome also correlates with the intrahepatic immune repertoire, both
of which reduce in diversity during liver fibrosis progression (Liang et al., 2020). Distinct gut
microbial and metabolic profiles mark NAFLD-cirrhosis patients developing hepatocellular

carcinoma, highlighting the gut-liver axis in disease progression (Behary et al., 2021).

In vitro gut-liver models utilizing organoids or tissue engineering can capture inter-organ
interactions beyond isolated cell models. Gut-liver micro-physiological systems emulate lipid
accumulation in the liver following absorption by the gut epithelium (Lee & Sung, 2018), and
interconnected gut-liver microfluidic devices model early NAFLD pathogenesis (Yang et al.,
2020). Integrated gut-liver-immune-brain models will further elucidate mechanisms of multi-
organ crosstalk relevant to health in Africa and globally (Hawkins et al., 2020; Trapecar et al.,
2021). The microbiome-gut-liver axis represents a promising target for innovative diagnostics,
preventatives, and therapeutics to address the increasing burden of chronic liver disease
(Vento et al., 2018).

The gut-lung axis and respiratory health

The gut-lung axis describes bidirectional communication between the gut microbiome and
respiratory system, mediated by immune modulation, microbial metabolites, and
neuroendocrine pathways (Barcik et al., 2020; Dang & Marsland, 2019; Price & O’Toole,
2021). This axis is particularly relevant to respiratory diseases prevalent in Africa,
including tuberculosis (TB) and coronavirus disease (COVID-19), where gut dysbiosis may

exacerbate systemic inflammation or impair host immunity.

Tuberculosis (TB) is caused by Mycobacterium tuberculosis (M. tb), but emerging evidence
suggests gut microbiome composition influences disease susceptibility and progression. For
instance, mice infected with M. tbexhibit rapid gut microbial depletion (e.g.,
reduced Bacteroidetes and Firmicutes), which correlates with impaired pulmonary immune
responses and increased bacterial burden (Winglee et al., 2014). In humans, TB-associated
gut dysbiosis may indirectly affect lung outcomes: severe pulmonary inflammation alters the
respiratory microenvironment, leading to sputum microbiome shifts dominated by
Proteobacteria and Bacteroidetes (Cheung et al., 2013; Cui et al., 2012). These changes likely
reflect secondary inflammatory damage rather than direct gut-lung interaction but highlight the

systemic nature of TB pathology.

The SARS-CoV2 disease further highlights the gut-lung axis’s clinical importance. Gut

microbiome composition predicts disease severity and post-acute sequelae (PACS), with
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reduced diversity and depletion of beneficial taxa (e.g., Faecalibacterium) correlating with
prolonged symptoms (Lau et al., 2022; Liu et al., 2021; Yeoh et al., 2021). Mechanistically,
gut bacteria like Firmicutes may enhance intestinal ACE2 expression, a receptor for SARS-
CoV-2, potentially facilitating viral entry while modulating immune responses (Zuo et al., 2020).
Bacterial metabolites, such as secondary bile acids, also exhibit antiviral activity against
SARS-CoV-2 in vitro, suggesting therapeutic potential (Piscotta et al., 2021). However, long-
term impacts of pandemic measures (e.g., sanitation, antibiotic overuse) on early-life

microbiome establishment require urgent study (Campbell et al., 2021; Chevallier et al., 2021).

Innovative models integrating gut-lung interactions are critical for unravelling these
mechanisms. Lung cell lines, air-liquid interface cultures, and organoids replicate respiratory
anatomy and physiology (Baptista et al., 2022; Varghese et al., 2022), while co-culture
systems with gut microbiota could elucidate how microbial metabolites (e.g., short-chain fatty
acids) regulate lung immune cells. Such models are vital for studying African populations,

where genetic, dietary, and environmental factors shape unique gut-lung dynamics.

2.2.2. Gut microbiome pathologies

Research continues to uncover links between dysbiosis or alterations in the microbiome and
a wide range of pathological conditions. As alluded to earlier, the gut microbiome in particular
has been implicated in common NCDs like obesity, diabetes, cancer, as well as infectious
diseases such as HIV. This section will examine some of the key associations found between
gut microbiome dysbiosis and pathologies highly relevant to African populations. The
involvement of the gut microbiome in such diverse conditions further supports the need to
develop therapeutic interventions targeting the microbiome in precision medicine approaches,

as will be discussed in the following section.

Obesity

The prevalence of obesity in African populations doubled between 1990 and 2016, affecting
over 10 million individuals (Biadgilign et al., 2017; World Health Organization, 2016). Obesity
has been directly linked to various non-communicable diseases (NCDs) including type lI
diabetes, which has increased by over 120% in Africa since 1980 and is predicted to cost $60
billion United States Dollars (USD) in sub-Saharan Africa alone by 2030 (Jaffar & Gill, 2017).
Based on recent estimates, overweight and obesity cases are costing South Africa’s health
system R33 billion (USD 1.9bn) a year, which represents 15.38% of government health
expenditure and is equivalent to 0.67% of gross domestic product (GDP) (Boachie et al.,
2022).

Clinical and experimental studies in human cohorts have established correlations between gut

microbiota and obesity, with baseline microbial composition directly impacting insulin
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sensitivity, halting progression of type | diabetes, and other outcomes (de Groot et al., 2021;
Kootte et al., 2017). Longitudinal studies in the UK and USA have also shown an increased
risk of neurocognitive deficits and autism spectrum disorders (ASDs) associated with maternal
obesity (Basatemur et al., 2013; Pugh et al., 2015). Murine models revealed maternal high-fat
diets (mHFD) induced long-term cognitive deficits across generations (Sarker & Peleg-
Raibstein, 2018). This was confirmed by evidence that maternal obesity disrupted offspring
gut microbiomes, strongly associated with cognitive and social dysfunctions (Liu et al., 2021).
Given over 20% of women above 20 years old in South Africa are obese (Lobstein & Brinsden,

2017), this could pose a serious long-term and generational health challenge.

Microbiome-linked therapies have provided promising interventions, using high-fibre diets to
produce microbiota-derived SCFAs that alleviate behavioural deficits via the gut-brain axis
(Liu et al., 2021). Mouse models have demonstrated A. muciniphila’s inverse correlation with
obesity, restoring damaged gut structure and function while improving hepatic function, insulin
resistance, and glucose homeostasis in high fat-diet (HFD) mice (de Vos, 2017; Everard et
al., 2013; Yang et al., 2020). In addition, its use as a probiotic in humans with metabolic

disorders has potential as an accessible precision medicine therapy (Depommier et al., 2019).

Infectious diseases — HIV and TB

Human Immunodeficiency Virus (HIV) remains a global crisis, with ~39.9 million infected in
2023 and more than 30% untreated (UNAIDs, 2023). While vaccines are tested, the gut’s role
in HIV creates opportunities to improve treatment, as infection associates with chronic gut
inflammation and microbiota changes (Brenchley & Douek, 2008; Leggat et al., 2022;
Lozupone, Li, et al., 2013). Recent large-scale African cohort studies, such as Maghini et al.
(2025), confirm that HIV infection significantly reduces gut microbiome alpha-diversity and
alters beta-diversity, with 131 prokaryotic taxa differentially abundant in people living with HIV
(PLWH). Notably, Faecalibacterium prausnitzii — a butyrate producer linked to reduced
inflammation — is depleted in PLWH, alongside novel taxa like Dysosmobacter welbionis and
Enterocloster sp., which may reflect region-specific microbial adaptations. Delineating
differences in microbiomes of people on antiretrovirals (ARVs) versus healthy individuals,
such as increased Fusobacterium (contrasting with Maghini et al.’s findings of Fusobacterium
depletion in PLWH, potentially due to ART or regional variability), Prevotella, and
Megasphaera, could support microbiome-directed therapies (Meng et al., 2022). Machine
learning models further demonstrate the gut microbiome’s potential as an HIV biomarker,

accurately distinguishing PLWH across diverse African cohorts (Maghini et al., 2025).

Infectious diseases have a significant burden in Africa, with HIV/AIDS and tuberculosis (TB)

as top mortality causes (Statista, 2021). Despite promising vaccine evidence like the RV144
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Thailand trial, contrasting results were seen in South Africa’s HVTN 702 trial (Gray et al., 2021,
Rerks-Ngarm et al., 2009). However, modulating microbiomes to enhance immune responses,
for example via probiotics shown to decrease HIV-targeted cells in macaques (Klatt et al.,

2021), or restoring taxa like F. prausnitzii, remains a promising therapeutic avenue.

Tuberculosis (TB) is the leading cause of death in South Africa, with 56,000 deaths in 2023,
including 31,000 HIV-co-infected individuals (World Health Organization, 2024). While studies
find contrasting sputum microbiomes in TB patients versus healthy individuals (Cheung et al.,
2013; Cui et al., 2012), limited consistency of a TB-specific microbial signature has been
shown in African populations. For example, the most recent and largest African study by
Maghini et al. (2025) observed no significant gut microbiome associations with TB co-infection
in PLWH, highlighting the need for further research into TB-specific microbial signatures in
African populations. Contrastingly, research by Naidoo et al.,, 2021 showed TB-specific
microbial related pro-inflammatory responses in pulmonary TB patients. Other prior work links
M. tuberculosis infection to gut microbiota alterations in mice (Winglee et al., 2014), and
metabolomics studies support the microbiome’s role in TB treatment outcomes (Das et al.,
2015; Luies et al.,, 2017; Yu et al., 2023). These findings strongly support continued
pharmacomicrobiomics research in Africa to address the dual burden of NCDs and infectious

diseases.

Cancer

Metagenomics continues to revolutionize cancer research by targeting microbial diversity
(Banerjee et al., 2015). However, the microbiome's precise role in cancer aetiology and
treatment is complex and disputed (Lee et al., 2021; Sepich-Poore et al., 2021). The gut
microbiome associates with numerous cancers, especially colorectal cancer (CRC) (Lee et
al., 2021). Comparisons of African stool microbiomes between healthy individuals and
colorectal cancer (CRC) patients in Morocco revealed significant differences in bacterial
profiles and abundance (Allali et al., 2018). Similar research found more tumour load and
bacterial composition/abundance in African versus non-African cancer specimens, suggesting
microbiome-driven carcinogenesis may worsen prognoses for Africans (Feng et al., 2019).
Differences between African-Americans and European-ancestry individuals also suggest
microbial dysbiosis may contribute to CRC racial disparities (Farhana et al., 2018). These
initial African studies highlight important host-microbiome relationships to incorporate in
cancer therapies. Thus, understanding the immuno-oncology-microbiome axis will require
large, multi-site, longitudinal cohorts to identify cancer-associated microbiota (Sepich-Poore
et al., 2021).
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While research on microbiome-based therapeutics is still an emerging field, current evidence
supports the microbiome's role in many diseases and the need to further develop precision
interventions tailored to an individual's microbiome profile. The following section will provide
an overview of current and potential microbiome-based therapeutic interventions relevant to

African contexts.

2.2.3. Gut microbiome and therapeutic interventions

The gut microbiome’s profound influence on human health — spanning metabolic disorders,
infectious diseases, and cancer — has positioned it as a critical therapeutic target. Dysbiosis
is increasingly implicated in disease pathogenesis, but emerging research highlights
opportunities to harness microbiome-directed therapies, such as probiotics, postbiotics, and
faecal microbiota transplants (FMTs), to restore microbial equilibrium and improve clinical
outcomes (Figure 2.2). Beyond treatment, the microbiome’s role in drug metabolism and
immune modulation highlights its potential to shape personalized diagnostics and precision
medicine (Wang et al., 2024; Zhao et al., 2023).

These insights into the microbiome's clinical impact are further substantiated by
groundbreaking research on microbiome-drug interactions. Zimmermann et al. (2019)
comprehensively mapped how gut bacteria metabolize medications, demonstrating that
approximately two-thirds of tested drugs were modified by at least one bacterial strain and
identifying specific microbial gene products responsible for these transformations. This
metabolic capacity extends beyond direct drug modification to profound immunomodulatory
effects, as evidenced by Viaud et al. (2013), who discovered that cyclophosphamide's
anticancer efficacy partially depends on specific gut bacteria that enhance antitumor immune
responses by promoting T helper 17 cell development. Similarly, Gopalakrishnan et al. (2018)
revealed that melanoma patients with diverse gut microbiomes, particularly those enriched in
Faecalibacterium species, showed significantly improved responses to anti-PD-1
immunotherapy compared to non-responders whose microbiomes were dominated by

Bacteroidales.
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Figure 2.2 Overview of various gut microbiome therapeutic approaches targeting the gut
microbiome to enhance health outcomes. This figure depicts key interventions — fermented
foods, probiotics, faecal microbiota transplantation (FMT), and postbiotics — and their benefits,
applications, considerations and effects.

Collectively, these studies highlight the gut microbiome's dual capacity to directly transform
therapeutic compounds and fundamentally shape immune responses to treatment, with
genetic profiling of key bacterial species offering potential predictive biomarkers of drug
efficacy. However, translating this promise into practice requires deeper insights into disease-
specific microbiome signatures, mechanisms of host-microbe interaction, and the drivers of
inter-individual variation. In this context, we evaluate therapeutic strategies that aim to

leverage the microbiome's dual role as a biomarker and modulator of health.

Fermented foods

Fermented foods, staples in many African diets, include popular South African foods such as
sour milk and maize porridge (FACTS, 2019). These have gained popularity through research
highlighting their potential health benefits including weight maintenance and decreased risk of

diabetes, cancer, and CVD in animal models and humans. In addition, fermented foods may
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act as modulators of the human microbiome-immune axis, promoting resistance to NCDs
(Diaz-Lopez et al., 2016; Dimidi et al., 2019; Gille et al., 2018; Villarreal-Soto et al., 2018). The
SARS-CoV2 (COVID-19) pandemic has brought renewed interest in these foods as possible
sources of beneficial microbes. Specifically, they could provide compensatory exposure to
safe foodborne microbes eliminated by industrialization and sanitizing the industrial
environment (Carter et al., 2023). In this way, fermented foods may act as precision
microbiome modulators, enabling resistance to chronic disease through their impact on the

microbiome-immune system axis (Wastyk et al., 2021).

Faecal Microbiota Transplantation (FMT)

Faecal Microbiota Transplantation (FMT), a precise strategy for treating gut-associated
infections and dysbiosis, involves the transfer of faecal matter from a healthy individual to a
patient with a less diverse or depleted microbiota (Khanna et al., 2017; Weingarden et al.,
2015). Such a treatment strategy paved the way for the development of defined bacterial
cocktails and has shown promising results in the treatment of recurrent Clostridioides difficile
infection (CDI) and may hold potential for treating other diseases (Lam et al., 2019; Munoz et
al., 2016).

In November 2022, Rebyota, an FMT-based therapy, became the first of its kind to gain federal
approval in the USA for treating CDI (FDA, 2022). Although the specific mechanism of action
of FMT is not fully understood, evidence suggests that it may restore a patient’s gut
microbiome profile to a functionally balanced and healthy state (Bajaj et al., 2022).
Furthermore, FMT has been studied for its potential in treating NAFLD and improving the
prognosis of alcohol-associated hepatitis (Craven et al., 2020; Philips et al., 2017, 2018). In
addition, FMT has shown promise in reducing autism spectrum disorder symptoms and
gastrointestinal issues in children (Kang et al., 2019; N. Li et al., 2021). However, FMT is not
without risks, such as the potential transmission of disease and adverse effects, necessitating

stringent donor screening protocols (Bajaj et al., 2022; Lang & Schnabl, 2020).

Probiotics

Probiotics, live microorganisms that can alter the gut's ecological profile to promote health,
are considered functional food products (Kuntz & Gilbert, 2017; Sanders et al.,, 2018).
Traditional probiotic strains, such as Lactobacilli and Bifidobacteria, have been safely used for
long periods to regulate intestinal flora, maintain the epithelial barrier, inhibit pathogens, and
modulate and mature the immune system (Wang et al., 2021; Wieérs et al., 2019). However,
the emerging biotechnological landscape aims to incorporate the rational design of bacterial

strains with tailored probiotic properties (Douillard & de Vos, 2019). Gene editing technologies
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further enable the development of engineered probiotics, which are have ongoing clinical trials

for various diseases (Ma et al., 2022).

Due to some safety concerns regarding live probiotics, scientists tested and discovered
advantages in using heat-killed bacteria, which retain key probiotic effects with favourable
properties observed in animal models, in vitro, and clinical trials (Yang et al., 2020). Scientists
have proposed using multi-omics frameworks and machine learning algorithms to identify
correlations and causal evidence of disease through targeted addition or removal of
microorganisms as probiotics. This precision medicine approach could achieve optimal health

by predicting individualized responsiveness to dietary components (Mills et al., 2019).

Innovative use of probiotics in humans with metabolic disorders and obesity has shown
potential as an accessible precision medicine therapy (Aoun et al., 2020). Promising animal
models have also shown microbiota transplantation and probiotic treatment can ameliorate
neurodegenerative disease pathology and behaviour (Bonfili et al., 2017; Kim et al., 2020a).
As microbiomics and gut-organ axes are further elucidated, opportunities will continue

expanding for health-promoting bacterial species.

Postbiotics

Postbiotics refer to the metabolites and cell components produced by microorganisms that
confer health benefits to the host. (Agus et al., 2021; Krautkramer et al., 2021). As probiotics
are living microorganisms that promote gut health when consumed, postbiotics are the non-
viable cellular products and metabolites remaining after probiotic fermentation. Of interest are
bile acids, tri-methylamine oxide, tryptophan derivatives, SCFAs, vitamins, enzymes, and cell
wall fragments (Agus et al., 2021). Postbiotics exhibit pleiotropic properties including
immunomodulation, infection prevention, and mucous production stimulation (Mosca et al.,
2022; Zotkiewicz et al., 2020). The pleiotropic effects arise from the diversity of these postbiotic

origins and components (Mosca et al., 2022).

Increased postbiotic intake can be achieved through greater consumption of fermented foods
like kefir, tempeh, and kimchi. The diverse components promote a healthy gut microbiome,
thereby benefiting overall health (Golen, 2021). In animal models, Lactobacillus paracasei-
derived postbiotics slowed weight gain, suppressed insulin resistance, and decreased hepatic
steatosis and inflammation, suggesting potential for managing liver disease progression (Pan
et al., 2022). Through microbiome-host interactions, postbiotics influence immunity, metabolic

function, and pathogen resistance (Krautkramer et al., 2021).

Clinical trials have provided evidence for microbial postbiotic therapeutics in treating
gastrointestinal, respiratory, immune, stress, and metabolic disorders (Mosca et al., 2022). As

research continues elucidating mechanisms, postbiotic applications will likely expand. Overall,
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interventions that leverage the gut microbiome hold significant promise as therapeutic
strategies in the African context and globally. However, these techniques require further
research to ensure their safety, efficacy, and customization to specific populations and disease

states.

2.3. Gut microbiome studies in South African populations

While previous research has provided initial insights into the gut microbiome in South African
populations, critical knowledge gaps remain regarding the microbial diversity and its
determinants within specific groups. Much of the existing work has focused on rural inhabitants
or people living with HIV (Claassen-Weitz et al., 2018; Hansen et al., 2019; van Zyl et al.,
2020). However, few studies have characterized the gut microbiome and its drivers in urban
South African populations (Ramaboli et al., 2024). Diet, lifestyle, and socioeconomics shape
the microbial community, yet their impacts remain underexplored in this key demographic.
This highlights the need for research examining the gut microbiome and its associations with
these factors in urban South Africans. The following sections will summarize findings from
previous microbiome research in South Africa and highlight critical gaps, motivating this PhD
research project to further address unanswered questions regarding the gut microbiome and

its determinants in this understudied cohort.

2.3.1. Previous research findings

Various studies have been conducted to understand gut microbial composition and function
in different populations, including South Africa, revealing fascinating findings that contribute to
the global understanding of the gut microbiome. These studies have been identified and
referenced in Table 2, highlighting the focus of the research, the type of sample and
methodology used, the number of participants, and key findings. This table was adapted from
(Allali et al., 2021) which thoroughly reviews additional studies conducted on the broader

African continent.

The AWI-Gen 2 Microbiome Project, recently reported by Maghini et al., (2025), represents a
landmark advancement in African microbiome research. This cross-sectional study of 1,801
women from six research centres across four African countries (including three South African
sites: Agincourt, DIMAMO, and Soweto) constitutes the largest population-representative
survey of African gut microbiomes to date. Using shotgun metagenomic sequencing, the
researchers identified significant taxonomic differences between rural, peri-urban, and urban
populations, with geography emerging as the strongest factor influencing microbiome
composition. The study's most remarkable contribution is its extensive catalogue of novel
microbial diversity: 1,005 previously unknown bacterial metagenome-assembled genomes

(MAGs) and over 40,000 new viral genomes, demonstrating that African populations harbour
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substantial microbiome diversity, absent from existing reference collections. The researchers
also observed distinctive HIV-associated microbiome signatures that differed from those
reported in high-income countries, including associations with bacterial species not previously
linked to HIV infection. Importantly, the study established that microbiome sampling in these
populations had not reached saturation, indicating that further research will continue to
uncover new microbial diversity. This work not only significantly expands our understanding
of the South African gut microbiome but also establishes a framework for equitable,

community-engaged microbiome research that can inform future studies across the continent.

Overall, these studies highlight the complex and multifaceted role of the gut microbiome in
health and disease in South African populations. They emphasize the need for continued
research in this area, considering the unique environmental, dietary, and cultural factors that

characterize these populations.
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Table 2.1 Summary of gut microbiome studies conducted in South African populations

SAMPLE
AFFILIATION SAMPLE NUMBER OF
ORIGIN (COUNTRY) FOCUS TYPE METHODOLOGY PARTICIPANTS FINDINGS REFERENCE
(COUNTRY)
REEDIEe, 16S rRNA, V3-V4
SOUTH Germany, gastrointestinal, Stool regions III,umina 34 Preliminary evidence suggests faecal (Krishnamoorthy
AFRICA South Africa and other Mi%,e ’ dysbiosis in ill young children. et al., 2020)
diseases q
' 16S rRNA, V4 N.o significant microbial diversity o
SOUTH South Africa, Atopic dermatitis Stool region. lllumina 38 differences were observed between (Mahdavinia et
AFRICA USA P M?Se ’ children with atopic dermatitis (AD) and  al., 2017)
q control children.
Germany, 16S rRNA, V4 Alaskan Native diet, carcinogen .
SOUTH South Africa, Colorectal cancer Stool region, lllumina 21 exposure associated with tumour- (Ocvirk et al.,
AFRICA, USA h . o 2020)
UK, USA MiSeq promoting colonic milieu.
South Africa, Results suggest gut microbiota's
SOUTH The Colon cancer risk Stool 165 rRNA, 4.54 12 metabolite balance affects colon cancer (Ou et al., 2013)
AFRICA, USA Netherlands, pyrosequencing risk
USA )
. 16S rRNA, V4 Non-exclusive breastfeeding modifies
SOUTH South Africa, . - . ; . . (Wood et al.,
AFRICA USA HIV Stool region, lllumina 155 gut mlc_rot_)lota, potentially affecting HIV 2018)
MiSeq transmission.
SOUTH South Africa, 16$ rRNA, \{4 Infants' meconium exhlblted glevated (Claassen-Weitz
None Stool region, lllumina 197 levels of Proteobacteria, particularly
AFRICA USA ; e . . etal., 2018)
MiSeq within the Enterobacteriaceae family.
The
Netherlands, Maternal education intervention (Atukunda et al
UGANDA Norway, Malnutrition Stool 16S rRNA 147 positively impacted child development 2019) "
South Africa, and growth; unaffected gut microbiota.
Uganda
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ZIMBABWE

BURKINA
FASO

BURKINA
FASO

KENYA

SOUTH
AFRICA

SOUTH
AFRICA

SOUTH
AFRICA

SOUTH
AFRICA

Australia,
Norway,
South Africa,
UK,
Zimbabwe

Burkina Faso,
Germany,
Niger, South
Africa, USA

Burkina Faso,
Germany,
South Africa,
USA

Kenya, South
Africa,
Switzerland,
The
Netherlands

South Africa,
USA

South Africa,
USA

South Africa

South Africa

HIV

Antibiotics

Antibiotics

None

None

Obesity

None

Infant gut
colonization

Rectal
swabs

Rectal
swabs

Rectal
swabs

Stool

Stool

Stool

Stool

Stool,
meconium,
breastmilk

16S rRNA, V4
region, lllumina
MiSeq

16S rRNA, V3-V4
regions, lllumina

16S rRNA, V3-V4
regions, lllumina

16S rRNA, V3-V6
regions, 454
pyrosequencing

Short and long-
read WGS,
HiSeq4000,
Illumina,
Nanopore
sequencing, ONT

16S rRNA, V3-V4
regions, lllumina
MiSeq

16S rRNA, V3-V4
regions, lllumina
MiSeq, ITS region,
Qiagen

16S rRNA, V4-V5
regions, lllumina
MiSeq

280

62

115

115

169

170

100

20 dyads
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HIV-infected children exhibit altered gut
microbiota, potentially restored by
antiretroviral therapy.

No evidence of antibiotic impact on
cohabiting children was found.

Azithromycin alters paediatric intestinal
microbiome composition, while impact
of amoxicillin and cotrimoxazole is
uncertain.

Iron-containing Microencapsulated
Nutrient Powders (MNPs) given to
weaning infants disrupt the gut
microbiome, promoting pathogens and
inflammation.

The gut microbiome of South Africans
does not conform to a simple western-
nonwestern axis.

The overall gut microbiome of our
cohorts was reflective of their ongoing
epidemiological transition.

Geographic location and lifestyle
factors are major drivers of gut
mycobiota in rural and urban African
populations.

Breastmilk vital for seeding infant gut
microbiome, distinct communities in
South Africa.

(Flygel et al.,
2020)

(Oldenburg et
al., 2019)

(Oldenburg et
al., 2018)

(Jaeggi et al.,
2015)

(Tamburini et
al., 2022)

(Oduaran et al.,
2020)

(Kabwe et al.,
2020)

(Wallenborn et
al., 2022)



GHANA,
SOUTH
AFRICA,
SEYCHELLES,
JAMAICA, USA

GHANA,
SOUTH
AFRICA,
SEYCHELLES,
JAMAICA, USA

GHANA,
SOUTH
AFRICA,
JAMAICA, USA

GHANA,
SOUTH
AFRICA,
JAMAICA, USA

SOUTH
AFRICA

BURKINA
FASO,
GHANA,
KENYA,
SOUTH
AFRICA

USA, South
African,
Ghana,
Jamaica,
Seychelles

USA, South
African,
Ghana,
Jamaica,
Seychelles

USA, South
Africa, Ghana,
Jamaica,
Switzerland

USA, South
Africa, Ghana,
Jamaica,
Switzerland

South Africa,
USA,
Germany

USA, South
Africa, Ghana,
Burkina Faso,
Kenya

Toxic metals
exposure and
cardiometabolic
risk

Faecal SCFAs
and adiposity
across the urban
epidemiological
transition

Sleep duration

Cardiometabolic
(CM) risk across
the urban
epidemiological
transition

Diet

Composition and
diversity across a
range of rural,
peri-urban, and
urban African
populations; HIV

Stool

Stool

Stool

Stool,
saliva

Stool,
food, hand

Stool

16S rRNA, V4
region, lllumina
NovaSeq 6000

16S rRNA, V4
region, lllumina
NovaSeq 6000

16S rRNA, V4
region, lllumina
MiSeq

16S rRNA, V4
region, Illlumina
MiSeq

16S rRNA, V3-V4
regions, lllumina
MiSeq

Short-read WGS,
NovaSeq 6000
platform, lllumina

178

1,867

655

655

44

1,801
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Lead and arsenic exposure associated
with significant beta diversity shifts;
numerous taxa linked to high metals
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2.3.2. Gaps in knowledge

The gut microbiome has been extensively studied in various populations worldwide, including South
African populations. However, there are still gaps in knowledge that need to be addressed to better
understand the gut microbiome's role in human health and disease. One area that requires further
investigation is the relationship between the gut microbiome and clearly delineated, high-priority
conditions in adults such as cardiometabolic risk factors (obesity, insulin resistance, hypertension,
dyslipidaemia), gastrointestinal functional disorders and diet-related intolerances (e.g., IBS, lactose

and gluten intolerance), allergies, and colorectal cancer risk pathways.

Research on the gut microbiome's relationship to disease has yielded inconsistent findings,
highlighting these knowledge gaps. For instance, studies in South African populations have
suggested associations between gut microbiome composition and respiratory and gastrointestinal
diseases in children in align with global research (Krishnamoorthy et al., 2020). However, when
examining other conditions like atopic dermatitis, researchers found no significant differences in
microbial diversity between affected and healthy children, despite correlative findings in other
populations (Kim & Kim, 2019; Mahdavinia et al., 2017). Similarly, while evidence suggests potential
links between gut microbiome composition and colon cancer risk (Ocvirk et al., 2020; Ou et al., 2013),
these relationships may vary across populations. Further research, particularly in adult South African
populations, is needed to fully characterize the gut microbiome's role the above cardiometabolic,
gastrointestinal, allergic, and colorectal neoplasia-related pathogenesis and to determine whether

these associations could inform prevention and treatment strategies.

Another area that requires further investigation is the impact of antibiotics and dietary supplements
on the gut microbiome. While studies have shown that azithromycin alters the paediatric intestinal
microbiome composition (Oldenburg et al., 2018, 2019), the impact of other antibiotics like amoxicillin
and cotrimoxazole in adults uncertain. Similarly, dietary supplements like iron-containing
Microencapsulated Nutrient Powders (MNPs) have been found to disrupt the gut microbiome,
promoting pathogens and inflammation, yet are a necessity to combat malnutrition (Jaeggi et al.,
2015). Further research is needed to understand the long-term effects of these interventions, and the
potential of alternative safer approaches, on the gut microbiome and human health. In urban
professional settings, additional common exposures (e.g., supplement use, alcohol consumption, and
household energy sources such as gas heating) also warrant systematic evaluation for their links to

xenobiotic metabolism functional pathways.

Furthermore, while studies have explored the gut microbiome's role in diseases such as TB, COVID-
19 and HIV transmission and progression (Flygel et al., 2020; Nagata et al., 2022; Wood et al., 2018),
the impact of other infectious diseases on the gut microbiome is still unclear. For adult urban cohorts,

however, the most immediately relevant disease domains remain noncommunicable and diet-linked
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gastrointestinal conditions as outlined above. Additionally, while the use of relatively novel long-read
sequencing technology has been applied to an urban South African population to explore the gut
microbiome's composition and function (Tamburini et al., 2022), further studies are needed to
compare the results obtained from this technology with those obtained from alternatives (e.g. PacBio
long-read sequencing) and traditional 16S rRNA sequencing. Moreover, while studies have explored
the infant gut microbiome's initial colonization and development (Claassen-Weitz et al., 2018;
Wallenborn et al., 2022), the long-term impact of environmental factors such as geography, lifestyle,
and education levels on the gut microbiome is still unclear within context of the South African
landscape. Further research is needed to better understand the gut microbiome's role in shaping

human health across South African and other diverse populations.

In addition to the gaps in knowledge mentioned above, it is also important to note the context of this
research project. Urbanization in Africa is accelerating, yet its impacts on gut microbial ecology in
transitional populations — particularly urban professionals navigating hybrid lifestyles — remain poorly
characterized. While rural African microbiomes have been studied extensively, urban cohorts like
South Africa’s professionals represent a critical gap, as their microbial communities lie at the
intersection of traditional diets, processed food consumption, and socioeconomic stressors. The
mechanisms by which urbanization drives taxonomic volatility while maintaining functional resilience,
or how demographic factors like ancestry mediate microbial adaptation to dietary transitions, are
unresolved. Furthermore, socioeconomic inequalities, deeply entrenched in South Africa’s history,
likely modulate microbiome-host interactions, but these dynamics remain unexplored in populations
with overlapping access to urban resources and persistent environmental exposures. Accordingly,
urban professional South African populations offer a tractable setting to develop hypothesis-driven
studies that move beyond correlation toward causal frameworks (e.g., prospective designs and

multi-omics) within the disease areas specified above.

Current microbiome research suffers from geographic and methodological inequities. Reference
databases disproportionately represent Western populations, limiting the identification of regionally
relevant taxa or biomarkers tied to African health contexts (Maghini et al., 2025). Methodologically,
while short-read sequencing has dominated microbiome studies, its current limited capacity to resolve
strain-level diversity or distinguish misclassified taxa in such underrepresented groups underscores
the need for integrative approaches combining long-read and shotgun metagenomics. Additionally,
the functional implications of intra-individual microbiome variability — a hallmark of transitional
populations — are poorly understood, hindering the translation of microbial ecology into actionable

public health strategies.

This study aims to address these gaps by focusing on urban professionals, a cohort characteristic of

Africa’s rapid urbanization. By examining how demographic factors interact with dietary, occupational,
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health and lifestyle factors, this work contributes to characterizing and understanding microbial
adaptation in transitional societies. Crucially, it challenges the extrapolation of Western- and Euro-
centric microbial norms to African populations, advocating for equitable, context-driven research
paradigms. Ultimately, this work seeks to contribute to our understanding of gut microbial diversity

within an understudied population group within South Africa.

3. Materials and methods

The methods outlined in this study describe a thorough scientific analysis which aimed to characterize
relationships between various anthropometric and health parameters and the gut microbiome, in a
South African urban professional cohort (SAN). The methodological framework detailed here in
Chapter 3 is summarized in Figure 3.1 below. This encompassed comprehensive participant
recruitment strategies (Chapter 3.1) and in-depth data collection surveying including anthropometric,
dietary, Socioeconomic status (SES) and health assessments. All research activities were in line with
the institutional research ethics committee approval (Chapter 3.2) and were compliant with the
requirements of the Protection of Personal Information Act (PoPIA). These initial steps set the
foundation for the subsequent collection and processing of stool samples (Chapter 3.3), which were
analysed using gold standard and third generation microbiome sequencing techniques; specifically,

lllumina shotgun metagenomic and PacBio 16S long-read sequencing (Chapter 3.4).

The bioinformatics pipeline (Chapter 3.5), optimised to ensure high-fidelity data interpretation,
included the Quantitative Insights into Microbial Ecology 2 (QIIME2) workflow for 16S rRNA gene
sequencing data and a Metagenome-Assembled Genomes (MAG) workflow for metagenomic data,
complemented by a comparative analysis which validated and integrated findings from both
sequencing approaches (Chapter 3.6). The profiles derived from these analyses were compared with
a longitudinal subset of samples to investigate the temporal variability of the gut microbiome (Chapter
3.7). This was followed by comparing these overall community patterns to established global
population cohorts, to contextualize the SAN population within broader human gut microbiome
diversity patterns (Chapter 3.8) and exploring the uncovered intra-cohort microbial patterns (Chapter
3.9).
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3.1. Participant recruitment

The study recruited participants from the Council for Scientific Industrial Research (CSIR) Pretoria
campus and the University of the Witwatersrand (Wits, Johannesburg) to establish a novel South
African urban professional cohort. Recruitment used both online methods (CSIR website
https://cmmi.csir.co.za, email campaigns) and offline approaches (flyers, seminars). The target
sample size was approximately 250 individuals, including CSIR employees, Wits students and faculty,

and their household members.
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The only exclusion criterion was a minimum age requirement of 18 years for participants. This cohort
was selected as it represents South Africa's urban professional population diversity, spanning various
occupational levels from highly skilled researchers to unskilled labour categories (CSIR, 2019;
University of the Witwatersrand, 2022). This enabled analysis of gut microbiome composition in a
South African urban professional setting, allowing investigation of potential intra-population diversity

influences (Nieuwoudt et al., 2018).

3.2. Participant data collection and analysis

Following recruitment and informed consent, participants completed an online questionnaire using
the Research Electronic Data Capture (REDCap) platform (Harris et al., 2019). REDCap is a secure
web application for managing online surveys and databases, designed to maintain data integrity and
compliance with key regulations including 21 Code of Federal Regulations (CFR) Part 11, Federal
Information Security Management Act (FISMA), Health Insurance Portability and Accountability Act
(HIPAA), and General Data Protection Regulation (GDPR), making it ideal for handling sensitive
research data (Harris et al., 2019; Nichols, 2023).

The REDCap questionnaire contained 123 compulsory data fields covering participants' health, diet,
environment, occupation, fitness, location and lifestyle (Supplementary Material S3.1). Designed to
take approximately 20 minutes, participants could complete it in multiple sessions. The questionnaire
was available in English, Afrikaans, and isiZulu, selected based on their prevalence in the target
population according to a General Household Survey (Statistics South Africa, 2019). Each participant
received a unique identifier code to ensure anonymity and link metadata with corresponding gut

microbiome sample and sequencing data.

3.2.1. Ethical considerations and consent procedures

The ethics procedures and consent for this research strictly adhered to the guidelines set forth by the
Wits Human Research Ethics Committee (HREC Medical) and the CSIR Research Ethics Committee
(CSIR REC) — certificate M210240 and the CSIR (reference number 292/2019). Prior to participating
in the survey and sample collection, all participants were provided with detailed information about the
study, its purpose and procedures (Supplementary Material S3.2) and a PoPIA Privacy Statement
(Supplementary Material S3.4). Along with this, ethics approval at CSIR (reference number
292/2019). These measures ensured that participant rights, privacy, and confidentiality were
protected throughout the study. REDCap was used to administer the consenting process. The
survey's design, providing multiple examples and selectable options, aimed to enhance the accuracy
and ease of reporting by helping participants recall and report their daily choices and medical history

more effectively (Supplementary Material S3.1).
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3.2.2. Anthropometric and health data

Anthropometric data (n = 123 fields) were collected through the REDCap online questionnaire
adapted from the American Gut Project (AGP) (McDonald et al., 2018), facilitating convenient and
non-intrusive data collection. Participants provided their weight in kilograms and height in centimetres,
methods commonly utilized in large-scale studies for their reasonable accuracy in population-level
analyses (Stommel & Schoenborn, 2009), and BMI (kg/m?) was derived from that. Despite potential
individual variations and reporting biases, self-reporting remains a practical and economical approach
for anthropometric data collection in larger cohort studies (Aminianfar et al., 2021; Tuomela et al.,
2019).

Other sections included dietary, health and lifestyle assessment to analyse participants' eating habits,
physical activity levels, medication use, recent travel and clinical history. The dietary component
covered a comprehensive range of food groups and consumption frequency, to understand dietary
patterns and the importance of various foods in participants' diets. Lifestyle factors were also
recorded, including exercise frequency and type, which are significant for understanding health
outcomes (Z. Wang et al., 2022). SES was assessed to explore how income levels, access to

amenities, and other socio-economic factors influence health within the urban South African context.

3.2.3. Descriptive analysis of survey data

Descriptive statistical analyses were conducted using STATA SE version 18.0 and R package
rcompanion version 2.4.35 on the de-identified survey data. Data cleaning excluded variables with
homogeneous responses (e.g., Autism Spectrum Disorder diagnosis) and merged subcategories with
fewer than twenty responses (e.g., medical conditions diagnosed by different practitioners were
simplified to "Yes / No" categories like for Irritable Bowel Syndrome). Afrikaans surveys were
translated to English for consistency. Numeric variables including birth dates and body mass index
(BMI) were converted to categorical groups, and frequency data were simplified to binary variables.
This yielded 89 variables for analysis: 7 for SES, 22 for diet, 27 for lifestyle, and 33 health-related
variables (Supplementary Table S4.2).

Fisher's exact test assessed associations between demographic variables and responses, with Monte
Carlo simulation (1000 iterations) for sparse exercise-related data (Dexter et al., 2017). The
Bonferroni correction method was applied to address multiple testing, and standardized residuals
identified significant pattern deviations. Results included raw and adjusted p-values plus Cramér's V
(pc) statistics to measure association strength: weak (0.10 — 0.29), moderate (0.30 — 0.49), or strong
(0.50 — 1) (H.-Y. Kim, 2017). Variables with Bonferroni-adjusted p-value < 5.0 x 102 and @c > 0.5

were prioritized for downstream analyses (Supplementary Data S4.1).
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Figure 3.2 Descriptive analysis workflow. Survey data is extracted from the REDCap database,
followed by data cleaning and transformation of variables. Demographic groups are compared
to response variables with the statistical methods, resulting in variables prioritized for
downstream analysis that meet the selection criteria.

3.3. Stool sample collection and processing

A single stool sample was collected from all participants for a recruitment and collection period from
September 2021 to September 2023 (Figure 3.3). A longitudinal sample was collected from a subset
of n = 22 individuals for a second collection period from July 2023 to September 2023. Time gaps
between the two samples occurred approximately 7 — 24 months after initial sampling. Participants
indicated their preferred collection site from the six available locations, which included sites at both
the CSIR (one site) and Wits University (five sites). Upon completion of their survey, each customized
kit labelled with their name and anonymous identification (ID) number that linked to their survey, was

provided in an envelope for sample collection and return.
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Figure 3.3 Sample collection timeline. From September 2021 to September 2023, four
recruitment drives and five sample collections occurred. The cohort expanded from CSIR only
in 2021 to Wits University and household members from 2022, with ethical approval. The fifth
batch was a second longitudinal sample collection.

The DNA/RNA Shield™ Fecal Collection kit (Zymo Research Corp, USA) was used to ensure
standardized and efficient sample collection. The Fecal Collection Tubes were designed for the
preservation of nucleic acids from stool samples, by facilitating robust DNA recovery and were
compatible with various downstream sequencing workflows (Hughes et al., 2017). This enabled a
microbial snapshot of a sample while inactivating viruses and infectious agents making samples safe
and ready for transport. Significant advantage included (a) their stabilization of samples at room
temperature (DNA > 1 year), and (b) superior performance in comparison to other kits in the
preservation of the taxonomic and functional profile of the gut microbiome over a long-term period
(Kim et al., 2023). Participants were able to easily collect a spoonful of stool into the collection tubes
prefilled with DNA/RNA Shield™ stabilization buffer as a preservative and shake vigorously to ensure

proper stabilization.

Participants returned the collection tubes containing their sample to the designated drop-off sites. The
samples were then transported to the CSIR Bioengineering and Integrative Genomic Research Group
laboratory (BIGG) for cataloguing and storage at 4°C, until they were batched and prepared for DNA
extraction and sequencing. The subsequent steps involved outsourcing the batching, DNA extraction
and sequencing processes to the Health Professions Council of South Africa (HPCSA) certified
laboratory at Inqaba Biotec™ in Pretoria. DNA extraction and sequencing were performed under strict

quality control measures discussed in section 3.4 below.
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3.4. Microbiome sequencing techniques

Two different sequencing techniques were used to analyse the microbiome composition in this study.
For all samples (n = 242), PacBio 16S rRNA long-read sequencing was utilized.
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Figure 3.4 Comparative schematic of microbial DNA Sequencing. lllumina shotgun sequencing
yields short sequence reads from the entire microbial DNA, facilitating a taxonomic and functional
profile, while PacBio 16S rRNA long-read sequencing produces long continuous reads of the 16S
rRNA gene, enabling taxonomic profiling and prediction of functional capabilities from this profile.

This technique provided high-resolution analysis of microbial communities by generating full-length
16S rRNA gene sequences (Figure 3.4). Additionally, a subset of samples (n = 49) underwent lllumina
shotgun metagenomics sequencing, which offered a comprehensive analysis of the entire genomic
content, including taxonomic composition, functional annotations, gene predictions, and metabolic
pathways. Combining these sequencing approaches allowed for a thorough understanding of

microbial diversity, taxonomic structure, and functional potential of the gut microbiota of the cohort.

3.4.1. PacBio 16S rRNA long-read sequencing

The DNA extraction from the refrigerated stool samples was carried out by a laboratory technician at
the Ingaba Biotec™ laboratory. A ZymoBIOMICS DNA Miniprep extraction kit was utilized for this
purpose (Zymo Research, 2023). This kit was specifically designed to purify DNA for downstream

microbiome and metagenome analysis. It employed a lysis system that effectively addresses bias

associated with unequal lyzing efficiencies of different organisms (Zymo Research, 2023).
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Figure 3.5 Overview of PacBio SMRT Sequencing: The process begins with a DNA template
prepared with hairpin adapters, allowing for circular consensus sequencing. Within the Zero
Mode Waveguides (ZMWs) of the SMRT cell, a single DNA molecule is immobilized and
sequenced as modified polymerases incorporate fluorescently labelled deoxynucleotide
triphosphates (dNTPs). The real-time detection of nucleotide incorporation is achieved
through emitted light, with each colour representing a different base, allowing for continuous
long-read sequencing.

To amplify the V1-V9 region of the bacterial 16S rRNA gene, PCR was performed using the 27F and
1492R universal primer pair. These primers were modified to include PacBio M13 adapter sequences
at the 5' end of the forward and reverse sequences, allowing for barcoding of each amplicon.
Subsequently, the barcoded amplicons underwent limited cycle PCR to introduce PacBio M13
barcodes for multiplexing (Figure 3.5). After quantification, the amplicons were equimolarly pooled
and purified using Ampure PB beads. Library preparation for this study was performed using Single
Molecule Real Time (SMRT) technology by PacBio (Pacific Bioscience, 2023). To prepare the library
for high-quality sequencing on the PacBio Sequel lle system, the steps of sequencing primer
annealing and polymerase binding were carried out following the manufacturers protocol (Pacific
Bioscience, 2023). Proper disposal of excess samples and waste adhered to the regulations set forth
by the HPCSA.

3.4.2. lllumina shotgun metagenomics

Following a similar strategy to the American Gut Project, which performed shotgun metagenomic
analysis on approximately 10% of samples (McDonald et al., 2018), n = 50 samples (20.7%) were
selected for whole-genome sequencing. The shotgun metagenomic sequencing was performed by

Ingaba Biotec™ using the lllumina MiSeq platform (lllumina Inc, USA). Following the DNA extraction
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procedure described above, this comprehensive sequencing approach sampled all genes of the
organisms present in these selected samples, with multiple samples combined in a single sequencing

run to achieve high sequence coverage per sample (300 Cycles).

This technique involved Nextera library preparation and PCR ampilification, followed by quantification
using the PicoGreen dsDNA assay kit and library pooling (McDonald et al., 2018). The libraries were
then sequenced on the MiSeq platform, which offered reagents capable of producing up to 30 giga-

bases (Gb) of output with 25 x 10® sequencing reads and 2 x 150 base pair (bp) read lengths.

3.5. Bioinformatics Analysis

The bioinformatic analysis of the gut microbiome was performed for the characterization of gross
taxonomic classifications of microbiota present. The raw 16S long-read and shotgun data received in
fastq.gz format was analysed using the using the “Quantitative Insights Into Microbial Ecology 2”

(QIIME2, www.qgiime2.org — version 2023.7) analysis pipeline (Bolyen et al., 2019) and a

Metagenome-Assembled Genome (MAG) workflow from the AWI-Gen 2 Microbiome GitHub
repository, respectively (Bhatt Lab, 2023). The QIIME2 command-line interface, AWI-Gen2 repository

and plug-ins were accessed for this analysis using the Wits Core Research Cluster.
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Figure 3.6 Overview of the QIIME2 pipeline for 16S rRNA long-read sequencing data. This figure
summarises the core processes involved in microbial community analysis using the QIIME 2 platform.
This is followed by a demultiplexing step to assign sequences to individual samples. The sequence
quality control (QC) phase is managed by the DADA2 algorithm, which also includes the generation
of QC statistics. The output of this process is a feature table containing amplicon sequence variants
(ASVs) and a set of representative sequences. These outputs serve as the foundation for the
downstream analysis, which encompasses diversity analysis and differential abundance
assessments, alongside taxonomic classification using the SILVA reference database. In addition,
alignment and phylogenetic analysis of the representative sequences is performed to infer
evolutionary relationships key to diversity analysis.

l. 16S LONG-READ BIOINFORMATICS ANALYSIS
3.5.1. QIIME2 workflow for 16S data

To process the 16S sequences and test for associations to diet, lifestyle, SES and health, a metadata
mapping file containing the relevant information was created for the study (Supplementary Data S3.1).
This tabular file was validated for use in QIIME2 using the “Keemei” Google Sheets tool (Rideout et
al., 2016). The raw 16S sequences were imported to the Wits Core Research Cluster for use in
QIIME2 (Figure 3.6).

Two full-length 16S rRNA sequence data sets from gut microbiome samples were used to provide

geographical, gender, and health status comparisons for our primary SAN population, particularly
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in terms of diversity metrics and functional pathway analyses. The sample group sizes were small
and thus used for observations of patterns and extrapolated differences were interpreted with

caution. The groups were:

¢ Weinstock et al., (2019) sequenced samples from four healthy male American athletes PacBio
RS Il platform using an amplicon-based metagenomic approach with PCR selection (SRA
accession ID PRINA552603 (Weinstock et al., 2019). This sequencing strategy was designed
to enable species and strain-level microbiome analysis to identify and measure the abundance
of bacteria present in stool samples from athletes.

e Yangetal., (2023) sequenced eight gut microbiome samples from Chinese diarrhoeal patients
using full-length 16S rRNA gene sequencing on a PacBio Sequel Il platform using an
amplicon-based approach with PCR selection (SRA PRJNA968050). This sequencing
strategy was designed to analyse the gut microbiota composition in diarrhoeal patients.

Using the SingleEndFastgManifestPhred33V2 input format, the fastq.gz files of raw sequence data
were imported and demultiplexed into a QIIME2 environment as an “artifact” — this contained
information about the type and source of the data (Bolyen et al., 2019). The summary information
obtained from the demultiplexed single-end reads determined how many sequences were obtained
per sample, as well as the sequence quality at each base position (Figure 3.7) and visualised using
QIIME2View (https://view.qiime2.orqg).
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Figure 3.7 Summary information of the demultiplexed single-end 16S rRNA long-reads
obtained from QIIME2. This provides a visualisation in QIIME2View of the number of
sequences per sample as well as the average quality scores across all base positions.

To produce high quality sequence variant data, the Divisive Amplicon Denoising Algorithm 2 (DADAZ2)

was used (Callahan et al., 2016). This involved importing the demultiplexed reads and trimming them
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to specified lengths that correspond to the typical range of the 16S rRNA gene, using the parameter
thresholds of --p-min-len 1000 and --p-max-len 1600. The data output from this process were artifacts

of representative sequences, a feature table, and related summary statistics of the retained reads.
i. Feature-Table and Feature-Data

Following the quality filtering procedure using DADA2, visualizations were generated to examine the
representative sequences and create a feature table of amplicon sequence variants (ASVs). These
visualizations provided insights into the distribution of sequences associated with each sample and
feature, incorporating information from the metadata mapping file. Histograms depicting these
distributions, along with relevant summary statistics, were also generated. Additionally, this process
facilitated the mapping of feature identities (IDs) to sequences and provided links for convenient
utilization of the Basic Local Alignment Search Tool (BLAST). With this tool, each representative
sequence could be compared against the National Centre for Biotechnology Information (NCBI)

nucleotide database (Altschul et al., 1990) to gather further information.
ii. Phylogenetic Tree generation

To uncover meaningful patterns in microbial diversity during downstream analyses, a phylogenetic
tree was constructed. This process involved several steps. First, the pipeline aligned multiple
sequences in the Feature Data [Sequence] using the mafft program (Katoh, 2002) to generate the
Feature Data [Aligned Sequence]. Next, the alignment was masked to eliminate highly variable
positions that could introduce noise into the tree. The FastTree tool (M. N. Price et al., 2010) was then
applied to generate the tree from the masked alignment. Finally, the unrooted tree obtained was
subjected to midpoint rooting. This phylogenetic tree serves as a crucial component for analysing

various diversity metrics presented in this research.

3.5.2. Normalization through rarefaction depth analysis

A detailed rarefaction analysis was performed in R software using the phyloseq package (version
1.46.0) for normalizing the feature-table ASV outputs of the 16S long-read sequencing data from
QIIME2. The purpose of this analysis was to determine the optimal sequencing depth that would
maintain a robust sample size while capturing the full complexity of microbial diversity present in the
samples, as described in Weiss et al. (2017). Rarefaction depths of 90, 215, 300, and 450 were
systematically evaluated. The selection of rarefaction depths was crucial for balancing sample

representation and the reliability of diversity estimates:

e 90 sequences: Chosen slightly above the first quartile (88 sequences), this depth maximizes
sample retention while minimizing sampling error from the lowest-count samples. At this depth,

60 samples were excluded, and 1,628 features retained across 173 samples.
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e 215 sequences: Matching the median sample sum, this depth balances substantial sample
retention with robust diversity estimates. Here, 116 samples were excluded, with 1,954

features retained across 117 samples.

e 300 sequences: A moderate increase from the median, aimed at enhancing diversity reliability
while still maintaining a significant sample size. At this depth, 140 samples were excluded,

and 1,933 features were retained across 93 samples.

e 450 sequences: Positioned between the median and the third quartile to enrich sequence
coverage while accepting a reduction in sample size for higher reliability in the diversity
estimates. This depth led to the exclusion of 168 samples, retaining 1,798 features in 65

samples.

These depths were strategically selected to ensure comprehensive gut microbiome analysis in
relation to various factors (Weiss et al., 2017). Each depth balanced sample retention with reliable
diversity estimates. To identify significant diversity differences between depths, non-parametric tests
were performed: Kruskal-Wallis test, followed by pairwise Wilcoxon rank-sum tests with Benjamini-
Hochberg procedure for multiple comparison correction. Statistical analysis across five sequencing
batches investigated potential batch effects on diversity. Assessment led to selecting a rarefaction
depth of 90, optimized for the South African (SAN) cohort to retain substantial samples (173) while
providing sufficient microbiome diversity detail. This larger sample size was essential for robust

correlation analyses, improving power to detect true microbiome-variable associations.

Principal Coordinates Analysis (PCoA) measured the chosen depth's adequacy, supported by
permutational multivariate analysis of variance (PERMANOVA), to investigate community
composition differences across sequencing depths. Findings aimed to confirm microbial community
stability across tested depths and rarefaction process reliability. With rarefaction depth at 90, read
distribution normalization was completed for further analysis. Normalized read density distribution was
plotted across demographic group variables, using Kernel density estimation (KDE) for smoothing

(noting that resulting negative values are KDE visual artifacts, not actual read counts).

3.5.3. Diversity analysis

Within the framework of the phyloseq package in R, a comprehensive approach was adopted for
analysing microbial diversity across the cohort. The phyloseq package facilitated the integration of
the QIIME2 outputs: the phylogenetic tree with survey metadata, and abundance data from the feature
table, enabling the calculation of alpha and beta diversity indices. Alpha and beta diversity, as defined
by (Whittaker, 1960), quantifies the local biodiversity within a sample, and the regional biodiversity
differences between samples, respectively. For each sample, these indices were computed across

the key sampling depths for demographic variables. Following the application of the specified
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rarefaction depth of 90, the analysis was extended to include lifestyle, diet, health, and SES variables,
selected based on criteria of Fisher's Bonferroni-adjusted p < 5.0 x 102 and ¢c effect size = 0.5 from
descriptive statistics outputs to balance between data retention and statistical robustness. As iterated
above, this rarefaction process was crucial for enabling equitable comparisons across samples with

varying original sequence counts.

Subsequent to calculating these diversity indices, statistical tests were performed to explore
associations between microbial diversity and group variables. The analyses utilized the non-
parametric Wilcoxon rank-sum test to handle the non-normal distribution of microbial diversity data
effectively. The p-values were adjusted using the Benjamini-Hochberg method to control the false
discovery rate, ensuring that the statistical inferences made were reliable. This methodological
approach, executed within the phyloseq environment, provided a powerful and integrated toolset for
the comprehensive analysis of microbial community structure and its association with South African

demographic and anthropometric factors.
i. Alpha diversity analysis

For each demographic variable, diversity indices including Shannon, Simpson, and Observed OTUs
were calculated to quantify the richness and evenness of microbial communities within the samples.
The Shannon index, a measure of community diversity that accounts for both abundance and
evenness of the species present (Shannon, 1948), and the Simpson index, which reflects the
probability of two individuals randomly selected from a sample belonging to the same species
(Simpson, 1949), were utilized alongside Observed OTUs. Notably, the term "Observed OTUs" refers
to the count of unique Amplicon Sequence Variants (ASVs) identified, a direct output from DADA2
processing in QIIME2, representing species richness (Callahan et al., 2016). The demographic
variables were treated as categorical factors, and the levels of these factors were meticulously verified
to ensure accurate grouping in subsequent analyses. Statistical comparisons were conducted using
the Wilcoxon rank-sum test to assess differences in diversity indices between groups within each
demographic category. The p-values from these tests were adjusted using the Benjamini-Hochberg
method to control for false discovery rates, ensuring the reliability of the findings (Benjamini &
Hochberg, 1995).

ii. Beta diversity analysis

Beta diversity was examined, focusing on the Bray-Curtis dissimilarity and Weighted UniFrac
distances to explore microbial community differences across demographic variables like ancestry.
The Bray-Curtis dissimilarity is a non-phylogenetic measure that quantifies the compositional
dissimilarity between two communities, based on counts of shared and unique species (Bray & Curtis,

1957). In addition, the Weighted UniFrac distance incorporates phylogenetic relationships between
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microbial taxa and also accounts for the relative abundance of taxa (C. Lozupone & Knight, 2005),

providing a more nuanced view of community structure.

For each distance measure, PCoA was executed to visualize the microbial community differences.
The PCoA plots were enhanced with ellipses representing the 95% confidence intervals around group
centroids and annotated with the percentage of variation explained by the principal coordinates. The
association between microbial community composition and demographic variables was statistically
tested using PERMANOVA (Anderson, 2001). This method partitions the variance in microbial
community data explained by group categories and tests the significance of these partitions using 999
permutations. Results from the PERMANOVA were summarized with p-values indicating the
statistical significance of the associations observed. These various beta diversity metrics were
employed to facilitate the analyses described above, enabling the examination of dissimilarity and

similarity patterns in gut microbial community composition among samples.

3.5.4. Taxonomic classification

The taxonomic analysis used QIIME2 with VSEARCH tool (Rognes et al., 2016) —cluster-features-de-
novo method for clustering 16S long-read sequences. Using 99% identity threshold, this generated
de novo tabulated and representative sequence files, which were assigned taxonomic labels using
the vsearch classifier. The classifier, trained on Naive Bayes algorithm, aligned sequences against the
"SILVA 132 99% Operational Taxonomic Unit (OTU) marker gene reference database" (Bokulich et
al., 2018). Taxonomy visualization used the metadata tabulate command, while taxa barplot command
incorporated metadata to produce interactive summaries of gut microbial composition's relative
abundance per sample. The tabulated data was exported to Biological Observation Matrix (BIOM)

format for downstream analyses in RStudio version 2023.12.1.402 (Posit team, 2024).

Further analyses used package in R to explore phylum-level taxonomic abundance with data rarefied
to 90. The taxonomy table was filtered to exclude PacBio American athlete and Chinese diarrhoeal
samples (reserved for functional profile analyses with internal normalization process) and samples
with missing metadata (age group, BMI group, ancestry, gender). Taxonomic data was cleaned by
removing non-matching prefixes and standardizing unclear labels to "Unclassified" before updating
the phyloseq object. The analysis revealed bacterial phyla distribution across the cohort, showing

relative abundance and prevalence of each phylum.

3.5.5. Differential abundance analysis

In the context of differential abundance analysis of 16S long-read sequencing data and metadata, the
Linear Discriminant Analysis (LDA) Effect Size (LEfSe) pipeline (Segata et al., 2011) was used to
validate representative taxa and perform additional analyses in RStudio, with the R library package
lefser version 1.12.1. This method was used to identify significant differences in microbial taxa across

the various demographic variables including age group, gender, ancestry, and BMI group.
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The analysis was conducted separately at both genus and species taxonomic levels using the
run_lefse function, implemented in the R package, based on the methodology described by Segata et
al. (2011). For each analysis, taxa abundances were normalized to copies per million (CPM) to
account for different sequencing depths. A non-parametric Kruskal-Wallis rank-sum test was first
applied to identify taxa with differential abundance across multiple categories with a significance
threshold of p-value < 5.0 x 102. For taxa meeting this criterion, pairwise comparisons were
subsequently performed using the Wilcoxon rank-sum test when more than two groups were
compared, maintaining the same p-value cutoff (Mann & Whitney, 1947). Taxa that remained
significant in these tests were subjected to Linear Discriminant Analysis (LDA) to estimate the effect
size of differences, with an LDA score threshold of 2.0 used to identify meaningful biological

differences.

Results were visualized using dot plots, where the size of each dot corresponded to the negative
logarithm of the p-value, indicating the statistical significance of the abundance difference for each
taxon. Additionally, the analysis was extended to include lifestyle, diet, health, and SES variables,
selected based on criteria of Fisher's Bonferroni-adjusted p-value < 5.0 x 10-2 and @c effect size 2 0.5

from descriptive statistics outputs.

3.5.6. Predicted functional profiling analysis

To elucidate the functional potential of microbial communities, a comprehensive analysis was
performed using Phylogenetic Investigation of Communities by Reconstruction of Unobserved States
(PICRUSt2) (Douglas et al., 2018), and additional statistical analysis and visualization with the R
package ggPICRUSIt2 version 1.7.3. The initial input data for PICRUSt2 consisted of ASV tables in
BIOM format, and representative sequences in FASTA format generated from QIIME2 analysis of the
16S long-read sequences. This analysis was facilitated by utilizing the feature-table and feature-

classifier plugins for sequence classification and table generation.
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Figure 3.8 PICRUSt2 computational workflow. PICRUS{2 is a bioinformatics tool used for predicting
functional profiles of microbial communities from the 16S long-read ASV data. The workflow begins
with the alignment of ASVs to reference sequences using HMMER (Hidden Markov Model ER),
progresses through the phylogenetic placement of aligned ASVs into a reference tree using EPA-NG
(Evolutionary Placement Algorithm - Next Generation) and GAPPA (Genetic Algorithm for Placement
and Phylogenetic Assignment), and then infers gene family copy numbers with the castor R package.
Subsequently, the abundance of gene families per sample is calculated, which leads to the final step
of inferring pathway abundances via MinPath (Minimal set of Pathways). (Douglas et al., 2020)

The PICRUSt2 pipeline was executed using the picrust2_pipeline.py script (Douglas, 2021),
incorporating the standardized steps such as sequence alignment, placement against a reference
phylogenetic tree, hidden-state prediction, metagenome prediction through the inference of gene
family abundances, and subsequent pathway-level predictions (Figure 3.8). The latter predictions
capitalized on the reconstruction of Enzyme Commission (EC) numbers and Kyoto Encyclopedia of
Genes and Genomes (KEGG) Orthology (KO) groups, along with the calculation of Nearest
Sequenced Taxon Index (NSTI) scores, which serve as a measure of the predictive accuracy based

on the relatedness of input sequences to those in the reference database.
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Figure 3.9 PICRUSt2 workflow diagram for metagenome analysis. This diagram illustrates the step-by-
step process for analysing metagenomic data using the PICRUSt2 pipeline, highlighting the sequential
functions and data outputs such as KO (KEGG Orthology) and EC (Enzyme Commission) abundance,
pathway predictions, and comparative analysis results. (Yang et al., 2023)

Statistical analysis and visualization of predicted functional profiles used ggPICRUSt2 in R. As shown
in Figure 3.9, the workflow began with ko_abundance or ec_abundance / metacyc_abundance input,
followed by ko2kegg_abundance() function for annotated Kyoto Encyclopaedia of Genes and
Genomes (KEGG) pathway abundances. With ko_to_kegg = "true", output included KEGG pathway
annotations (name, description, class, map), enabling nuanced interpretation. With ko_to_kegg =
"false", output focused on enzyme descriptions for each KEGG Orthology (KO) group or broader

MetaCyc metabolic pathway predictions.

The pathway_daa() function enabled differential abundance analysis incorporating variables meeting
specific selection criteria. “Analysis Of Differential Abundance Taking Sample Variation Into Account”
(ALDEx2 R package version 1.28.0) executed Kruskal-Wallis and generalized linear model tests to
identify differentially abundant pathways. Results were visualized via pathway_pca() for principal
component analysis, pathway_heatmap() for heatmaps, and pathway_errorbar() for error bar plots.
The pathway_annotation() function annotated pathways with detailed descriptions, providing
comprehensive overview of functional pathways and their differential abundances relative to studied
variables. This functional prediction framework helped understand microbial communities' predicted

metabolic capacities and their potential health implications.

Il SHOTGUN BIOINFORMATICS ANALYSIS
3.5.7. MAG workflow for shotgun data

For the shotgun sequences, a Metagenome-Assembled Genome (MAG) workflow (Figure 3.10) was
utilized (Bhatt Lab, 2023). This workflow involved the assembly of shotgun reads into longer
contiguous sequences, referred to as contigs, and subsequent binning of these contigs into
metagenome-assembled genomes, representing individual microbial genomes within the community.
The MAG workflow allowed for the analysis of the functional potential and taxonomic composition of

the microbial community based on the shotgun sequencing data.
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Figure 3.10 Overview of the bioinformatics pipeline for shotgun sequencing reads using the
Metagenome-assembled genome (MAG) workflow. Raw sequencing reads were used as input and
underwent preprocessing, followed by three separate processes: Classification of taxonomic
abundance with metaphlan for species-level profiling and mOTUs for marker gene-based taxonomic
profiling; Assembly of contigs followed by binning of metagenome-assembled genomes, dereplicate in
order to remove redundant MAGs and GTDB-tk for taxonomic classification; HUMAnNN3 was used to
analyse functional pathways and gene families.

To provide comparative analyses across different populations, we included two additional cohorts that
underwent metagenomic shotgun sequencing and were processed through our MAG workflow. Thirty
paired-end metagenomic shotgun sequencing samples from the American Gut Project (AGP) were
randomly selected and included for analysis. The samples were sequenced using lllumina HiSeq
2500 technology with 2 x 150 bp paired-end reads at 30X coverage. The AGP, launched in 2012,
represents one of the largest crowd-sourced citizen science projects characterizing human
microbiome diversity in the United States, collecting samples from over 10,000 participants across
the country. The project standardized sample collection using home collection kits and processing at
the Knight Lab at UC San Diego. Due to random selection, specific metadata information for our

selected samples was limited to American origin.

Fifty paired-end metagenomic shotgun sequencing samples from the AWI-Gen Phase 1 microbiome
study were included as an African comparative cohort. The samples were collected from HIV-negative
women aged 40 — 72 years from both rural (Bushbuckridge Municipality) and urban (Soweto,
Johannesburg) South African communities. The samples were processed using the QlAamp
PowerFecal DNA Kit and sequenced on the Illlumina HiSeq 4000 platform with 2 x 150 bp paired-end
reads at 50X coverage. The samples were part of a larger study investigating the relationship between
human genomics, lifestyle factors, and the gut microbiome across different South African ethnicities.
Both AGP and AWIGEN1 datasets were processed through identical MAG assembly and binning

pipelines as described in the following sections.

Page 70 of 253



i. Preprocessing

In the MAG workflow preprocessing (Figure 3.11), quality control used FastQC tool (Andrews, 2010)
to assess sequence quality, detect issues, and obtain quality metrics including base quality, sequence
length distribution, and GC content. MultiQC tool (Ewels et al., 2016) generated comprehensive

summary reports, compiling multiple analyses for comparative assessment across samples.

hostremoval
fastq file dedudicate —————— trimgalore aggregate preprocessed
v 9 St reads .csv
FastQC pre-report
post-report
Multi pre-report
uitiQc post-report

Figure 3.11 MAG preprocessing workflow for shotgun sequencing data. Input .fastq files undergo
sequential quality control steps: deduplication to remove duplicate reads, trimgalore for quality and
adapter trimming, followed by host sequence removal. The processed reads are then aggregated,
producing a preprocessed reads CSV file. Quality control metrics are assessed using both FastQC and
MultiQC, generating pre- and post-processing reports for quality assessment.

Deduplication removed duplicate reads to reduce bias and redundancy. "Trimgalore" tool (Martin,
2011) trimmed adaptor sequences and eliminated low-quality sequences, enhancing accuracy by
removing artifacts. Low-quality reads were filtered to ensure high-quality data for downstream
analysis. Host removal used Burrows-Wheeler Aligner (BWA) tool (H. Li & Durbin, 2009) to eliminate
human DNA reads. Post-removal, remaining reads underwent additional FastQC quality check, with
results integrated via MultiQC. Reads were aggregated to compile summary statistics (read counts,
minimum/maximum values), providing comprehensive quality metrics before and after host DNA

removal.
ii.. Classification

The taxonomic classification of metagenomic data played a crucial role in understanding the microbial
composition within a sample. In this study, two tools, “Metagenomic Phylogenetic Analysis”
(MetaPhlAn) and mothur, were used for taxonomic classification at different levels of resolution. First,
MetaPhlAn was utilized to perform species-level profiling of the metagenomic data. MetaPhlAn is a
widely-used tool that leverages unique clade-specific marker genes to estimate the abundance of

microbial taxa in a sample (Segata et al., 2012). This approach allowed for accurate taxonomic
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assignment and quantification of species present in the metagenomic dataset. The resulting output
provided valuable insights into the relative abundance and distribution of microbial species within the

sample.

To complement the species-level profiling, mothur (Schloss et al., 2009) was used for higher-
resolution taxonomic classification. It is a versatile tool that offers a range of algorithms and databases
for taxonomic assignment and analysis of metagenomic data. It employs a variety of approaches,
including Bayesian and phylogenetic methods, to classify the sequences at different taxonomic ranks,
such as genus, family, and phylum. The use of mothur allowed for a comprehensive taxonomic

characterization of the microbial communities present in the metagenomic dataset.
iii. Assembly

The assembly step in the MAG workflow (Figure 3.12) was crucial for reconstructing longer contigs

from the short reads, thereby enabling a deeper understanding of the genomic content within the

metagenomic dataset. In this study, three tools, namely Megahit, Prodigal, and Quast, were applied

for different aspects of the assembly and analysis process.

Assembly
Pre pro cesse d M etaBAT Con coct

re ads .Csv on Dereplc ate
- High and

Megahit ~ — DAStol ~— Biming | mediu mq uality

re sults MAG s
Podgal —— Predicted Checkm — 0iMing GTDB-tk
ge nes QC report
T Assembly QC
re port

Page 72 of 253



Figure 3.12 MAG workflow for assembly, binning, and post-binning analysis of shotgun
metagenomic data. The assembly pipeline begins with preprocessed reads.csv files processed
through Megahit for assembly, followed by Prodigal for gene prediction and Quast for assembly
quality assessment. The binning process employs three parallel binning tools (MetaBAT,
MaxBin, and Concoct), whose outputs are integrated using DAS Tool. CheckM evaluates the
quality of bins, generating binning QC reports. In the post-binning phase, the bins undergo
dereplication to obtain high and medium quality MAGs, which are then taxonomically classified
using GTDB-tk.

The Megahit tool was utilized to perform the assembly of the short-reads into contigs. Megahit is a
popular algorithm designed specifically for metagenomic assembly (Hyatt et al., 2010). It utilized a de
Bruijn graph-based approach to identify overlapping regions within the reads and construct longer
contiguous sequences, ultimately generating contigs representative of the assembled genomes.
Megahit's efficient and scalable implementation allowed for the assembly of large and complex
metagenomic datasets, providing valuable insights into the genomic content of the microbial

communities.

Next, Prodigal was employed to predict protein-coding genes from the assembled contigs. Prodigal
is a widely-used gene prediction tool that utilized Hidden Markov Models (HMMs) to identify potential
protein-coding sequences within the contigs (Hyatt et al., 2010). By identifying and annotating protein-
coding genes, Prodigal allowed for functional characterization and further analysis of the assembled
genomes, aiding in the understanding of the genetic content and potential functional capabilities of

the microbial communities.

To assess the quality of the assembled genomes, the Quast tool was utilized. Quast is a
comprehensive quality assessment tool specifically tailored for evaluating genome assemblies
(Gurevich et al., 2013). It provided various metrics such as N50 contig length, genome coverage, and
mis-assemblies, allowing for a detailed analysis of the assembly quality. Quast's comprehensive
evaluation provided valuable insights into the accuracy and completeness of the assembled

genomes, aiding in assessing the reliability of the results and facilitating downstream analyses.
iv. Binning

The binning step was performed to group metagenomic contigs into distinct genome bins representing
populations of microorganisms with similar genomic features. Three binning programs — MetaBAT,

MaxBin, and Concoct — were used for this process.

MetaBAT (D. D. Kang et al., 2015) involves a mixture model-based clustering approach that considers
tetranucleotide frequencies, coverage depth, and linkage information. MaxBin (Y.-W. Wu et al., 2016)
constructs a k-mer frequency-based algorithm and incorporates marker genes for bin refinement.
Concoct (Alneberg et al., 2014) uses a clustering algorithm based on nucleotide composition and

coverage across multiple samples, along with marker gene information for bin refinement. To integrate
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the binning outputs from multiple tools, the DASTool software was used (Sieber et al., 2018), allowing
for the combination of binning results from the preceding tool outputs. Lastly, the quality and
completeness of the generated genome bins were assessed using CheckM (Parks et al., 2015), which
estimated the completeness, contamination, and strain heterogeneity of the bins, providing an

evaluation of the binning process.
V. Post-binning — Genome Taxonomy Database

After the CheckM evaluation, bins were selected for further analysis if they demonstrated a
“Completeness” of greater than or equal to 50% and a “Contamination” of less than 10%. This criterion
was crucial to ensure the reliability and quality of MAGs for detailed taxonomic investigation (Bowers
et al., 2017). For the taxonomic classification of the filtered MAGs, the Genome Taxonomy Database
Toolkit (GTDB-Tk) software toolkit v2.1.1 and database version v214 was utilized (Chaumeil et al.,
2022). GTDB-TK operates through a three-step classification approach: (1) identifying marker genes
using Prodigal and HMMER, specifically targeting 120 bacterial and 122 archaeal marker genes, (2)
creating multiple sequence alignments of these markers, and (3) placing genomes into a reference
tree using pplacer, which employs maximume-likelihood phylogenetic placement. The classification
system uses ANI (Average Nucleotide Identity) and RED (Relative Evolutionary Divergence) values
to establish taxonomic ranks, providing standardized bacterial and archaeal taxonomy based on

genome phylogeny.

The computational environment was set up using Mamba (v1.4.2) from the conda-forge and bioconda
channels (Gruning et al., 2018; QuantStack, 2024). GTDB-TK classified each MAG against the
reference database, providing standardized taxonomic classifications aligned with genome-based
phylogeny rather than traditional 16S rRNA-based taxonomy. The outputs from this provided a basis

for understanding microbial genome identities and relationships.
vi. Observed functional profiling analysis

Functional profiling of shotgun metagenomic data was performed using HUMAnN3 (HMP Unified
Metabolic Analysis Network version 3.9). HUMANN3 and MetaPhlAn 3.0 were installed via Mamba,
with database paths configured to local directories on the Wits Core Research Cluster. Required
databases — ChocoPhlAn (v2019.01.31) and UniRef90 (v2019.01) — were downloaded and linked

using humann_config.

Cleaned reads from MAG workflows were concatenated (paired-end to single files) and processed
via a Nextflow pipeline for scalable, parallelized execution. Taxonomic and functional profiling
combined two aligners: (i) Bowtie2 (v2.5.3; Langmead & Salzberg, 2012) mapped reads to
ChocoPhlAn for species identification; and (ii) DIAMOND (v2.1.9; Buchfink et al., 2015), a BLAST-

compatible tool, aligned unclassified reads to UniRef90 for protein annotation. This hybrid approach
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leveraged Bowtie2’s precision for known microbes and DIAMOND’s breadth for novel functional

insights, generating comprehensive taxonomic/functional profiles.
The HUMANNS3 outputs include:
¢ Gene family abundance, identifying functional potential through conserved gene groups.

¢ Metabolic pathway abundance and coverage, quantifying biochemical process activity and

completeness.

Gene family and pathway abundances were normalized to relative abundance (“RelAb”) to enable
cross-platform (long-read sequencing) comparisons and mitigate sequencing depth variation.
Normalized data were integrated using HUMANNS utilities and analysed via MaAsLin2 1.16.0 (Mallick
et al, 2021) to model associations between microbial functions and host
demographics/anthropometrics (Section 3.6.5). This approach elucidated how microbial functional

profiles interact with urban South African host traits.
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Figure 3.13 Bioinformatics workflow for shotgun metagenomic analysis utilizing HUMANN3 (with
Mamba environment) pipeline. The workflow begins with MetaPhlAn input, followed by ChocoPhlAn
and UniRef90 database processing. Raw MAG reads are pre-processed and undergo Nextflow
processing before splitting into BOWTIE2 (aligned reads) and DIAMOND (unaligned reads) paths.
The workflow generates gene families, path abundance, and path coverage files (.tsv format) which
are normalized to relative abundance using MaAsLin2 for downstream statistical analysis.

3.6. Long-read and shotgun metagenomic dataset concordance

3.6.1. Taxonomic concordance assessment

A multi-level approach was employed to evaluate taxonomic concordance between 16S rRNA and
shotgun metagenomic datasets (Clooney et al., 2016; Durazzi et al., 2021; Laudadio et al., 2018).
Taxonomic classification of shotgun metagenomic data was performed using MetaPhlAn. Initially,
taxa containing the suffix ' _unclassified' were retained as they indicated classification at higher
taxonomic ranks, while entries explicitly labelled as 'Unclassified' were excluded (Schoch et al., 2020).

Analysis was restricted to bacterial taxa, with abundance thresholds > 0 considered as present taxa.
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Relative abundance comparisons were conducted at genus and species levels, focusing on the top
20 taxa by mean abundance across datasets. Agreement was quantified using Intraclass Correlation
Coefficient (ICC) to assess absolute agreement (Koo & Li, 2016) strength of relationships between
methods was further assessed using Spearman and Pearson correlations (Mukaka, 2012; Schober
et al., 2018). Systematic bias detection was performed using Bland-Altman analysis with LOESS
smoothing to visualize method differences (Giavarina, 2015; Singer et al., 2021). Additionally, log2
fold change calculations between methods were used to identify taxa-specific biases, complemented
by paired Wilcoxon rank-sum tests to determine the statistical significance of methodological

differences.

3.6.2. Distribution and abundance analysis

Abundance distributions were examined using density plots with log10 transformation to visualize
detection ranges across methods (Gloor et al., 2017). The analysis focused on characterizing method-
specific patterns in the detection of rare taxa (< 1.0 x 102% abundance), distribution continuity, and
the impact of rarefaction on abundance profiles. This approach allowed for detailed examination of
each method's capability in capturing the full spectrum of microbial diversity, particularly at the

extremes of abundance ranges.

3.6.3. Method agreement evaluation

Method agreement was assessed through multiple analytical approaches to provide a comprehensive
understanding of methodological concordance. Agreement strength was quantified using R? values,
interpreted according to established ecological standards (Cohen, 2013). Scatter plot analysis on log-
transformed data was employed to evaluate abundance-dependent agreement patterns, revealing
specific ranges where methods showed strongest concordance. Systematic bias evaluation through
fold-change analysis (Rausch et al., 2019) provided insights into consistent methodological

differences across taxonomic groups and abundance ranges.

3.6.4. Functional analysis comparison

i. Differential abundance analysis

Functional profiles were generated from shotgun metagenomic data using HUMANN3, which maps
reads to the UniRef90 protein database and reconstructs metabolic pathways, as previously
described (section 3.5.7). The differential abundance analysis was performed using MaAsLin2,
implementing a multivariable linear modelling approach. The model was constructed with no
additional normalization or transformation of the input abundance data, which was indicated by the
"NONE" parameter, since the data was previously normalized during the HUMANN3 processing step
(Figure 3.13).
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The final multivariate model included seven fixed effects: BMI group classification; batch as a
technical covariate to account for sequencing variation; time in traffic exposure; cooking method
(electricity usage); exercise type; heating method (electricity usage); and commute duration (long vs
short). The model assessed the relationship between these variables and microbial pathway
abundances while controlling for potential confounding effects. Statistical significance was determined
using default MaAsLin2 parameters, with results adjusted for multiple comparisons using the
Benjamini-Hochberg procedure to control the false discovery rate (FDR). Associations were

considered significant at an FDR-adjusted p-value < 5.0 x 10-2.
ii. Comparative functional analysis

To compare functional predictions between methods, 16S-derived pathways were predicted using
ggPICRUSt2, while shotgun metagenomic pathways were obtained from HUMANN3. Pathway
abundances were normalized to relative abundance and log10-transformed for comparison. Overlap
between methods was assessed using pathway presence / absence analysis, and correlation
between abundance predictions was evaluated using Pearson correlation coefficients (S. Sun et al.,

2020). Pathways were classified as method-specific or shared based on detection patterns.
iiii. Metadata integration analysis

PERMANOVA was performed to examine associations between functional profiles and metadata
categories. The four distinct variable groups were analysed (diet, SES, lifestyle and health status),
where PERMANOVA analyses were performed independently for both HUMANN3 and PICRUSt2
results using the vegan package in R (Oksanen et al., 2022). The strength of associations was
quantified using R? values and significance was assessed using FDR-corrected p-values.
Visualization of association patterns was generated using ggplot2 (Kassambara, 2023) with separate

analyses for each metadata category and sequencing method.

3.7. Core versus temporal microbiome profile: Longitudinal analysis
A longitudinal analysis was conducted using paired stool samples collected from n = 22 participants
at two timepoints. This design enabled investigation of both core (stable) and temporal (variable)

components of the microbiome within the urban professional cohort.

3.7.1. Compositional stability assessment

Microbiome stability was evaluated through multiple analytical approaches. Bray-Curtis dissimilarity
metrics were calculated to compare intra-individual (within-person) versus inter-individual (between-
people) variation. PERMANOVA was performed and stratified by subject to account for repeated
measures. This approach quantified the proportion of variation explained by temporal changes. Then

PCoA was applied to Bray-Curtis dissimilarities to visualize compositional patterns.
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3.7.2. Diversity and taxonomic analysis

Alpha diversity was assessed using the Shannon diversity index, and temporal changes were
evaluated using Wilcoxon rank-sum tests. Taxonomic composition was analysed across taxonomy
levels (phylum to species), focusing on taxa present at > 0.1% relative abundance. Statistical
comparisons between timepoints were performed using paired tests with FDR correction to control
for multiple testing. Additionally, LEfSe was applied to identify discriminative features between

timepoints (Segata et al., 2011).

3.7.3. Functional stability analysis

Functional profiles were generated using ggPICRUSt2 to predict KEGG Orthology (KO) pathways.
Pathway stability was assessed through variance partitioning into inter- and intra-individual
components (Olsson et al., 2022). The Intraclass Correlation Coefficient (ICC), a measure of reliability
which quantified the proportion of variance attributable to between-subject differences relative to total
variance, was used to classify pathway stability. ICC values ranged from 0 to 1, where values closer
to 1 indicated greater stability across timepoints. The relationship between pathway abundance and
variance was evaluated, incorporating Shannon diversity metrics to understand the association

between community diversity and functional stability (Olsson et al., 2022).

3.7.4. Integration with participant metadata

Subijects in the top quartile of the PCoA Bray-Curtis distances between their timepoints were identified
as having the largest compositional shifts. For these subjects, a comprehensive comparison of all
survey responses between timepoints, examining changes in health status, lifestyle factors and
environmental exposures was conducted. Changes in categorical variables were observed as
transitions between response options (e.g., "Unchecked to Checked", "No to Yes"), while changes in
continuous variables were observed as direct numerical differences. This systematic comparison
allowed the identifying of concurrent changes in subject characteristics that could potentially explain

shifts in microbiome composition.

3.7.5. Core and variable component analysis

Core and variable taxa were identified using prevalence thresholds of 80% and 95% (Gacesa et al.,
2022), with both categories requiring a minimum mean relative abundance of 0.1%. At each
taxonomic level (phylum to species), abundance and prevalence distributions were analysed and

visualized to identify taxa meeting the core criteria thresholds.

Temporal dynamics were analysed by calculating log2 fold changes in abundance between timepoints
for all taxa. A threshold of 1 log2 fold change was established to classify taxa as temporally stable
or variable. For species-level analysis, taxa were filtered using dual criteria: mean abundance > 10%

and log2 fold change > 1. Visualization methods included mean abundance versus fold change plots,

Page 79 of 253



with faceted versions generated to display individual taxa names and temporal patterns (Tamburini et
al., 2022).

Functional stability was assessed using KEGG Ortholog (KO) annotations predicted from the
taxonomic data (Kim et al., 2023). The analysis framework paralleled the taxonomic approach,
applying the same prevalence thresholds (80% and 95%) to identify core functions. Temporal stability
of KO functions was evaluated using log2 fold changes. Functions were filtered based on mean
abundance > 0.1% and log2 fold change > 4. The identified functions meeting these criteria were

compiled for detailed enzyme investigation in supplementary materials (Supplementary Data S4.10).

3.8. Comparative analysis to other cohort populations

This analysis established methodological frameworks for comparing South African (SAN) microbiome
profiles with the two reference cohorts described in section 3.5.7: the American Gut Project (AGP)
and AWI-Gen Phase 1 (AWI). The analytical approach accommodated the comparison of 16S rRNA
gene sequencing data from SAN participants with shotgun metagenomic data from AGP and AWI

cohorts.

3.8.1. Data processing and standardization

The initial processing phase focused on achieving compatibility between different sequencing
platforms and taxonomic classification systems. SILVA-based taxonomic classifications derived from
QIIME2 analysis of the SAN population data were harmonized with MetaPhlAn taxonomic
classifications from AGP and AWI cohorts. This process involved standardizing phylum names and
taxonomic prefixes across datasets, implementing consistent labelling protocols for unclassified taxa,

and verifying taxonomic hierarchy consistency across all datasets (Schoch et al., 2020).

Abundance data processing followed a systematic approach across three taxonomic levels (phylum,
genus, and species). The processing pipeline included the removal of taxa with zero counts across
all samples, followed by relative abundance calculations. This standardization process enabled cross-
platform comparisons while accounting for methodological differences between 16S rRNA gene and

shotgun metagenomic sequencing approaches.

3.8.2. Diversity analysis and taxonomic analysis

Alpha diversity was quantified using the Shannon diversity index, while Beta diversity analysis was
performed with log-Euclidean distances (Montalban-Arques et al., 2021; Wirbel et al., 2019).
Community structure differences were assessed using PCoA at three taxonomic levels (phylum,
genus, and species). The significance of between-group differences was evaluated using
PERMANOVA with 999 permutations. This analysis was performed both globally across all cohorts
and in pairwise comparisons between cohort pairs. The statistical framework included correction for

multiple comparisons (Benjamini-Hochberg adjusted p-value < 5.0 x 10-2) where appropriate. The
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beta diversity analysis was structured to examine community differences at increasing taxonomic
resolution, enabling an assessment of both broad phylogenetic patterns and fine-scale taxonomic
variations. This multi-level approach was identified whether community structure differences were

consistent across taxonomic ranks or emerged at specific levels of resolution.

Abundance data were aggregated at species, genus, and phylum levels. Low-abundance taxa were
consolidated into a group labelled as "Other," and unclassified sequences were consistently labelled
as "Unclassified" across all datasets to maintain uniformity in taxonomic classification. The statistical
framework employed a multi-step approach beginning with Kruskal-Wallis tests to identify taxa with
significant differences across cohorts. For taxa showing significant differences, pairwise Wilcoxon
rank-sum tests were performed. Effect sizes were calculated using Cliff's delta, a measure of how
often values in one distribution are larger than values in another distribution. A threshold of = 0.47
was applied to identify biologically meaningful variations (Kargar et al., 2020). To account for multiple

comparisons, p-values were adjusted using the Benjamini-Hochberg correction method for FDR.

3.8.3. Functional pathway analysis

Pathway abundances from PICRUSt2 and HUMANN3 were both normalized to relative abundance,
enabling meaningful comparisons of relative differences between methods. The comparative analysis
framework included the calculation of log2 ratios between HUMANN3 and PICRUSt2 predictions, as
well as the computation of absolute differences in predicted abundances (Gehrig et al., 2022). A
presence/absence analysis was conducted for pathways, with presence defined as abundance
exceeding zero. Statistical analyses were performed at both pathway and functional category levels,
with categories requiring a minimum of five pathways for inclusion in visualization and statistical
testing. Non-parametric statistical approaches were used due to the non-normal distribution of ratios,
and results were interpreted in an exploratory context to acknowledge the complexity of functional

inference from marker gene data.

Demographic associations with functional profiles were assessed using PERMANOVA analysis,
generating R? values to quantify the strength of relationships between demographic variables and gut
microbiome functional profiles. The analysis included visualization through multiple complementary
approaches: strength of association plots comparing R* values across demographic variables,
method comparison scatter plots examining correlation between HUMANN3 and PICRUSt2
predictions, significance pattern heatmaps displaying statistical significance using -log10(FDR)
transformations, effect size distribution plots showing R? value distributions, and statistical summary
plots comparing mean R? values and significant associations. Statistical significance was assessed
using FDR correction, with the significance threshold set at FDR < 5.0 x 10-2. Density plots visualize
the distribution of R? values across demographic variables, and heatmaps displayed patterns of

statistical significance between prediction methods.
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3.9. Exploratory analysis of community clusters

Community stratification analysis in the SAN population investigated clustering formed with PCoA
beta diversity from the log-Euclidean distances method. Taxonomic profiles were aggregated at the
phylum level — a common practice in microbiome research for exploratory analyses, especially in
cohorts of modest size, to enhance statistical power, mitigate sparsity, and reduce multiple-
comparison burden resulting from lower-level taxonomic resolution (Busato et al., 2023; Nearing et
al., 2022). Abundances were normalized to relative abundances. Differential abundance analysis
between clusters utilized Kruskal-Wallis tests, with p-value adjustment using the Benjamini-Hochberg
method. Associations between cluster membership and participant characteristics were evaluated
using Fisher's exact tests for categorical variables, examining relationships with factors such as
COVID-19 diagnosis, cosmetics use, dietary habits, and lifestyle choices. For identified associations,
subsequent Kruskal-Wallis tests determined which bacterial phyla drove these relationships, with p-
values again adjusted using the Benjamini-Hochberg correction for multiple comparisons. This
exploratory analysis enabled systematic identification of SAN community patterns and their

associations with participant characteristics.

4. Results

4.1. Descriptive analysis

4.1.1. Study cohort characteristics

The study population consisted of n = 220 urban professional adults recruited primarily from the
Council for Scientific and Industrial Research (CSIR, Pretoria) and the University of the Witwatersrand
(Wits, Johannesburg). Participants' mean age was 38.2 (x 15.5) years, ranging from 18 to 72 years
(excluding irregular data entries), with an average BMI of 25.3 (£ 5.2) kg/m? indicating a
predominantly normal-to-overweight demographic (Table 4.1). A 60.5% majority were of European
ancestry (White South Africans). Females represented approximately two-thirds (68%) of the
population and most participants had attained high educational levels (71% postgraduate or
professional degrees). In addition to being highly educated and predominantly middle-to-high income,
(~80%) most participants followed omnivorous diets (93%), rarely excluded dairy (90% did not) or
refined sugars (93% did not), and a third reported multivitamin (35%) or probiotic use (44%). Lifestyle
exposures included high-fat food consumption (84%), frequent alcohol use (75% overall; 41% red
wine), low rates of smoking (11%), and substantial cosmetic use (63%), with most relying on private
transport (87%) and spending up to 20% of their day in traffic. Health-related factors with previously
studied microbiome links were common: recent antibiotics (53% within the past year), food
intolerances (13% lactose; 13% gluten), IBS (22%), mental health conditions (26%), and prior COVID-
19 diagnosis (53%). Further demographic details and lifestyle factors, are comprehensively

summarized in Table 4.1 and Appendix One (Supplementary Tables S4.1 — S4.2).
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Table 4.1 Descriptive characteristics of the urban professional South African study population

Variable Category n percent
+
Age (years) Mean * SD 220 3822
15.5
Young adults (18- o
Age Group 35 years) 112 50.9%
Older adults (35+ 102 46.4%
years)
NA 6 2.7%
Gender Female 151 68.6%
Male 69 31.4%
BMI (kg/m?) Mean * SD 220 25.3%5.2
Normal weight o
BMI Group (<25) 115 52.3%
Overweight (<30) 60 27.3%
Obese (30+) 37 16.8%
Underweight o
(<18.5) 8 3.6%
Ancestry European 133 60.5%
African 64 29.1%
Asian/Multi- o
ancestry/Other 23 10.5%
Post Graduate or
Education Professional 157 71.4%
degree
Other 63 28.6%
Household High 110 50%
Income
Middle 87 39.5%
Low 23 10.5%
Pets Yes 139 63.2%
No 81 36.8%
Work location Other 166 75.5%
CSIR 54 24.5%
Refuse Refuse disposal 203 92.3%
services
Other 17 7.7%
Transport- ¢ 192 87.3%
Private
No 28 12.7%
Transport - o
Public No 193 87.7%
Yes 27 12.3%
Transport - 0
Walk No 205 93.2%
Yes 15 6.8%
Time in traffic Less than 10% 103 46.8%
10-20% 57 25.9%
20-40% 39 17.7%
More than 40% 21 9.5%

Variable Category n percent
How long in SA  All my life 175 79.5%
Other 45 20.5%
class?:iitation Omnivore 205 93.2%
Other 15 6.8%
High Protein No 205 93.2%
Yes 15 6.8%
Exclude Dairy  No 198 90%
Yes 22 10%
Refiﬁzzlgi‘;ars No 204 92.7%
Yes 16 7.3%
Gluten-free No 208 94.5%
Yes 12 5.5%
Multivitamins No 143 65%
Yes 77 35%
sup';f;bma;n o Mo 152 69.1%
Yes 68 30.9%
Probiotic No 123 55.9%
Yes 97 44.1%
Water source Tap 148 67.3%
Non-tap 72 32.7%
Average
consumption - Yes 185 84.1%
high fat diet
No 35 15.9%
Exercise type Endurance 61 27.7%
Other 47 21.4%
Strength 37 16.8%
E':I’;':!:y & 23 10.5%
Sport 11 5%
All of the above 31 14.1%
Not applicable 10 4.5%
Smoke No 197 89.5%
Yes 23 10.5%
Cosmetics Yes 138 62.7%
No 82 37.3%
Hours of sleep  Less than 7 hours 139 63.2%
7+ hours 81 36.8%
C;:z:?le Yes 165 75%
No 55 25%
Beer/Cider No 148 67.3%
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Variable Category n percent
Yes 72 32.7%
White Wine No 151 68.6%
Yes 69 31.4%
Red Wine No 129 58.6%
Yes 91 41.4%
Splrlt.s or Hard No 147 66.8%
Liquor
Yes 73 33.2%
Number of
alcoholic 0-2 120 54.5%
drinks
consumed
0 53 24.1%
2-4 36 16.4%
More than 4 11 5%
 Lactose No 154 70%
intolerance
| don’t know 37 16.8%
Yes 29 13.2%
_ Gluten No 192 87.3%
intolerance
Intolerance 28 12.7%
Antibiotics No 103 46.8%
Six months or less 82 37.3%
Year 35 15.9%
Flu vaccination No 137 62.3%
Year 48 21.8%
Six months or less 35 15.9%
Birth control No 172 78.2%
Yes 48 21.8%
Appendix No 192 87.3%
removed
Yes 28 12.7%
Medlca.tl.on for Yes 123 55.9%
conditions
No 97 44 1%
BornviaC- 177 80.5%
section
Yes 43 19.5%

Variable Category n percent
— - -
Infancy diet | "manly breast 109 49.5%
milk
Primarily infant 50 22 7%
formula
Equal measures of
formula and breast 34 15.5%
milk
Not sure 27 12.3%
Allergies Yes 1M 50.5%
No 109 49.5%
Diagnosed with o
coviD Yes 116 52.7%
No 104 47.3%
IBS No 171 77.7%
Yes 49 22.3%
ADHD No 192 87.3%
Yes 28 12.7%
Autoimmune 200 90.9%
disease
Yes 20 9.1%
Skin condition  No 173 78.6%
Yes 47 21.4%
Migraines No 171 77.7%
Yes 49 22.3%
Lung disease No 193 87.7%
Yes 27 12.3%
Fungal No 192 87.3%
infection
Yes 28 12.7%
Thyroid No 195 88.6%
disease
Yes 25 11.4%
Mental Health 162 73.6%
conditions
Yes 58 26.4%
Depression No 169 76.8%
Yes 51 23.2%
GERD No 141 64.1%
Yes 79 35.9%
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4.1.2. Data collection and sample processing overview

Between September 2021 and September 2023, a total of n = 243 biological samples were collected,
with n = 242 successfully sequenced using 16S rRNA gene long-read sequencing and n = 49 shotgun
metagenomic short-read sequencing samples. The longitudinal subset involved deeper analysis of n

= 22 samples (detailed in Appendix One, Supplementary Table S4.1).

4.1.3. Data cleaning and variable selection

Initial survey data (n = 123 questions) underwent rigorous cleaning and refinement. Variables with
minimal variability or sparse responses were excluded or consolidated, and numeric data were
categorized for analytical simplicity. Ultimately, n = 101 variables were retained for downstream
statistical analyses. Detailed outcomes of data cleaning processes are documented in Appendix One

(Supplementary Table S4.2).

4.1.4. Significant demographic associations
Statistical analyses (Fisher’s exact tests with Bonferroni corrections) revealed multiple significant
associations between demographic variables and socioeconomic status (SES), dietary, lifestyle,

exercise, and health-related factors (Appendix One, Tables A1.2 — A1.6). Notably:

o SES: Strong associations were identified between demographic variables (age, gender,
ancestry) and SES factors; for instance, gender showed robust associations with household

income and transport mode (Appendix One, Table A1.2).

o Diet: Age and gender prominently influenced dietary preferences and special dietary

practices, including high-protein, dairy-free, and gluten-free diets (Appendix One, Table A1.3).

o Lifestyle: Lifestyle variables, including alcohol consumption, pet ownership, probiotics usage,
and sleep duration, were significantly associated with age, gender, ancestry, and BMI

categories (Appendix One, Table A1.4).

o Exercise: Strong associations were found between demographic factors and exercise type
and location, indicating distinct exercise behaviours across age, gender, and ancestry groups
(Appendix One, Table A1.5).

e Health and clinical status: Variables such as lactose and gluten intolerance, allergies, mental
health, and thyroid conditions significantly correlated with demographic factors (Appendix
One, Table A1.6).

These associations highlight demographic factors that were considered as covariates or potential

confounders in subsequent microbiome analyses.
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4.2. Sequencing data quality control (QC)

4.2.1. 16S rRNA gene sequencing (long-read data)

Detailed QC was conducted using QIIME2-DADAZ2, resulting in robust sequencing data quality
(median sequence length ~1,452 nts). After stringent filtering, primer removal, denoising, and chimera
removal, a high-quality dataset was established, suitable for downstream microbial diversity analyses.
Rarefaction normalization (to 90 sequences/sample) balanced sample retention and microbial
diversity detection, with no significant variation in alpha or beta diversity across rarefaction depths
(Appendix One, Figures A1.1 — A1.7; Supplementary Data S4.2 — S4.3).

4.2.2. Shotgun metagenomic sequencing (short-read data)

QC of shotgun metagenomic data employed FastQC and a comprehensive Metagenome-Assembled
Genome (MAG) pipeline. Initial dataset size was substantially reduced during deduplication, trimming,
and host DNA removal, yielding high-quality, host-free microbial reads. Metagenome assembly
produced n = 887 high-quality genome bins meeting stringent completeness and contamination
thresholds. Genome assembly metrics (N50, L50, contig lengths) demonstrated high-quality
assemblies suitable for microbial functional profiling (Appendix One, Figures A1.8 — A1.10;

Supplementary Data S4.4).

4.3. Gut microbiome composition in the urban South African population

The characterization of the gut microbiome composition in the urban professional South African
population revealed distinct patterns of diversity across this group, using the long-read and shotgun
sequencing datasets. Key demographic variables included age group, gender, BMI group, SES,
dietary, lifestyle and health factors. These findings provide a foundational understanding that inform
the subsequent analyses and discussions regarding the implications of these associations for health

and disease within the cohort.

Section 4.3 starting on page 85 focuses on microbial community richness and differential taxonomic
abundance analyses using the long-read data. Additional detailed results from the functional
prediction analyses, including comparisons with reference groups, are provided in Appendix One;
Section 4.4 from page 113 examines community stratification patterns within the cohort and their
associations with lifestyle factors; Section 4.5 from page 120 provides an overview of concordance
between the long-read and short-read data from a subset of the cohort, further detailed in Appendix
One; Section 4.6 from page 121 investigates core versus temporal dynamics of the gut microbiome
through longitudinal sample analysis; and Section 4.7 starting on page 150 presents comparative
analyses with other cohort populations including Western (AGP) and urban-rural African (AWIGEN1)

cohorts.
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4.3.1. Microbial community richness estimates and differences using long-read data

i. Alpha diversity across demographic variables

The distribution of alpha diversity within the gut microbiome across various demographic variables in
the urban South African population is depicted in Figure 4.1. Alpha diversity was assessed using three
indices — Observed, Shannon, and Simpson — which capture different aspects of microbial richness
and evenness. In the age group comparison (Figure 4.1A), significant differences in microbiome
diversity between older adults (35+ years) and young adults (18 — 35 years) were identified, with p-
values derived from Wilcoxon rank-sum tests that were subsequently adjusted for multiple
comparisons using the Benjamini-Hochberg method: Observed (P = 2.0 x 1072, adj. P = 2.0 x 107?)
and Shannon indices (P =2.0 x 1072, adj. P = 2.0 x 1072) showed concordant shifts, while the Simpson
index exhibited stronger differentiation (P = 9.0 x 1073, adj. P = 2.7 x 1072), suggesting age
disproportionately impacts dominant taxa. However, no significant differences were observed across
gender (Figure 4.1B) and BMI (Figure 4.1C) categories. Similarly, the ancestry comparison (Figure
41D) revealed no significant differences in alpha diversity between African,
Asian/Multiancestry/Other, and European groups. These univariate analysis findings highlighted the

complex interplay between age and the gut microbiome, with significant influence on diversity.
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Figure 4.1 Comparison of alpha diversity measures across demographic variables. This figure illustrates
the distribution of alpha diversity of A) two demographic age groups: older adults (35+ years) and young
adults (18-35 years); B) two gender categories: female and male; C) four BMI categories: underweight
(<18.5), normal weight (<25), overweight (<30), and obese (30+); and D) three ancestry categories:
African, Asian/Multiancestry/Other, and European. Three different metrics of alpha diversity are
presented (left to right): Observed (count of unique taxa), Shannon (taxa abundance and evenness), and
Simpson indices (count and abundance of taxa). Each boxplot represents the interquartile range (IQR)
of the diversity index, with the median indicated by the horizontal line within the box. Outliers are
represented as individual points. The significance of differences between variables is denoted by
asterisks above the plots: p <5.0 x102=* p < 1.0 x 102 = **, "ns" = non-significant, as measured by the
Wilcoxon rank-sum test with a p-value of < 5.0 x 102. The Observed and Shannon indices show
significant differences between the groups, while the Simpson index shows a more pronounced
difference, suggesting variability in community richness and evenness between the age groups only (A).
“Asian/Multiancestry/Other”: East Asian or Pacific Islander, Indian, Coloured.
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ii. Beta diversity across demographic variables

In Figure 4.2, the Bray-Curtis Dissimilarity-based PCoA analysis revealed nuanced distinctions in
microbial community composition across demographic variables within the urban South African
population, extending the insights from previous alpha diversity findings in Figure 4.1. The age-related
significant differences in alpha diversity, indicative of variations in microbial evenness and richness,
are not paralleled in the beta diversity outcomes; Figure 4.2A shows no significant clustering of
microbiota between older and younger adults (p-value: 0.2). This lack of distinction suggests that both
age groups maintain similar levels of community diversity, though the specific microbial species and

their relative abundances may still differ substantially between older and younger adults.

In contrast, gender, which had previously shown no significant alpha diversity differences (Figure
4.1B), now displayed a significant divergence in microbial communities (Figure 4.2B, p-value: 1.7 x
102). The PCoA plot shows female samples occupying a broader area of the ordination space
compared to male samples, implying differences in community variability between genders. BMI, while
not affecting alpha diversity, hinted at a subtle difference in microbial species composition that was
close to reaching statistical significance (Figure 4.2C, p-value: 5.7 x 10-2), pointing towards a nuanced

relationship between body weight and microbial variance.

Ancestry, consistently with Figure 4.1, showed no significant impact on microbial composition (Figure
4.2D, p-value: 0.1), implying a similarity in microbiome diversity across different ancestral
backgrounds in the cohort. Collectively, these univariate analysis results emphasized the differential
effects demographic factors have on the microbiome’s diversity and composition, with some

influencing the variety within communities and others shaping the distinctness between them.
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Figure 4.2 Beta diversity principal coordinates analysis (PCoA) plots with Bray-Curtis
Dissimilarity measure. This figure showcases the variation in microbial community
composition between: A) age groups, B) gender, C) BMI groups, and D) ancestry. The plot
illustrates the first two principal coordinates, which explain 13.2% and 5.3% of the variance,
respectively. Points represent individual samples, coloured according to the group
comparisons in the legend. Ellipses represent the 95% confidence regions for each group. Inset
p-values resulted from PERMANOVA analysis between compared groups, where p < 5.0 x 102
indicates statistical significance.
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iiii. Diversity across response variables

For diversity analysis across the SES, dietary, lifestyle and health response categories, variables that
met the descriptive statistics criteria of a significant Bonferroni adjusted p-value (P < 5.0 x 10-2) and
strong effect size (Cramer V = 0.5), were selected for downstream diversity univariate analysis

(Supplementary Table S4.1A).

The alpha diversity figures shown combine a box plot with a violin plot to showcase the Shannon
Diversity Index for the compared groups. The biplot provided a detailed view of the distribution and
median values of microbial diversity for each subgroup. The violin plot aspect revealed the density of
data points and potential multimodal distributions, while the box plot component highlighted the
median, quartiles, and outliers. The statistical significance of these comparisons was measured with
Wilcoxon-rank sum testing, with the unadjusted p-values denoted on the figures. This visualization
was particularly advantageous for emphasizing the differences in microbial diversity within the specific

response categories, enabling focused and in-depth subgroup comparative analysis.

For beta diversity, principal coordinates analysis (PCoA) plots were used to visualise the clustering
and spread of similar and dissimilar samples between the subgroups respectively, as measured by
the Weighted UniFrac Distance. This measure considers the phylogenetic distances between
observed ASVs (i.e. taxa). In addition, it is a weighted measure, therefore incorporates both the
presence, absence and the relative abundance of ASVs, thus more abundant taxa would contribute
more to the patterns observed. Statistical significance of these comparisons was measured with
PERMANOVA, with p-values depicted on the PCoA (Supplementary Data S4.7).

Socioeconomic status

The descriptive statistics criteria resulted in four SES variables for diversity analysis, namely:
household income, public transport, private transport and walking. The use of public transport was
singly significant when measured for Shannon diversity, indicating a greater richness and evenness

of diversity in individuals that indicated a positive “checked” response (Figure 4.3).

Page 93 of 253



Public transport use

p=0015

n

Shannon Diversity

Yes No

Figure 4.3 Comparison of Shannon diversity indices between individuals who use public
transport (“Yes/Checked”) and those who do not (“No/Unchecked”). The boxplots represent
the interquartile range (IQR) and median Shannon diversity, with the overlaid violin plots
indicating the overall data distribution. Individual data points are shown as dots. The statistical
significance of the difference in diversity is denoted at the top (Wilcoxon-rank sum test p =
0.015), suggesting a higher Shannon diversity among individuals who use public transport
compared to those who do not.

Diet

For diversity analysis across dietary-related responses, six variables met the criteria for inclusion, and
“classify diet” was added for testing due to its overarching nature of capturing omnivorous vs other
diet responses (Supplementary Data S4.7). The six main variables describing different diets followed
in this cohort were: high protein, exclude dairy, exclude refined sugars, gluten free, specialised diet

(none) and infant food.
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Figure 4.4 Comparison of Shannon diversity indices between individuals who exclude
dairy (“Yes/Checked”) and those who do not (“No/Unchecked”). The boxplots represent
the interquartile range (IQR) and median Shannon diversity, with the overlaid violin plots
indicating the overall data distribution. Individual data points are shown as dots. The
statistical significance of the difference in diversity is denoted at the top (Wilcoxon-rank
sum test p = 0.05), suggesting a higher Shannon diversity among individuals who
consume dairy compared to those who do not.

Individuals that included dairy from their diets were uniquely highlighted as having a statistically higher
richness and evenness within this subgroup (P = 5.0 x 10-?) as measured by Shannon diversity (Figure

4.4).

Gas heating
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Figure 4.5 Comparison of Shannon diversity indices between individuals who use gas
heating (“Yes/Checked”) and those who do not (“No/Unchecked”). The boxplots represent
the interquartile range (IQR) and median Shannon diversity, with the overlaid violin plots
indicating the overall data distribution. Individual data points are shown as dots. The
statistical significance of the difference in diversity is denoted at the top (Wilcoxon-rank
sum test p = 5.0 x 102), suggesting a higher Shannon diversity among individuals who do
not use gas heating compared to those who do.
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Lifestyle

In the diversity analysis for lifestyle, n = 21 response variables were investigated under this category
(Supplementary Data S4.7). Of these, two emerged with a significant p-value for Shannon alpha
diversity analysis: individuals who indicated a negative response to the use of gas heating (p = 3.5 x
102, Figure 4.5) as well as multivitamin use (p = 9.0 x 10-3, Figure 4.6), had a statistically higher
richness and evenness in microbial diversity. The use of herbal supplements (Figure 4.7) was uniquely
highlighted in beta diversity lifestyle analysis as having a statistical difference in microbial composition
and abundance, with a PERMANOVA p-value of 4.7 x 102,

Multivitamin use

p =0.009

N

Shannon Diversity

—

Yes No

Figure 4.6 Comparison of Shannon diversity indices between individuals who consume
multivitamins (“Yes”) and those who do not (“No”). The boxplots represent the
interquartile range (IQR) and median Shannon diversity, with the overlaid violin plots
indicating the overall data distribution. Individual data points are shown as dots. The
statistical significance of the difference in diversity is denoted at the top (Wilcoxon-rank
sum test p = 5.0 x 102), suggesting a higher Shannon diversity among individuals who
do not consume multivitamins compared to those who do.
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Figure 4.7 Principal Coordinates Analysis (PCoA) plot of Weighted UniFrac Distances
comparing microbial community composition between individuals who use herbal
supplements (‘Yes') and those who do not (‘No'). Each point represents an individual's
microbial community, with ellipses encapsulating the 95% confidence intervals of the group
centroids. The statistical significance of the difference in diversity is denoted at the top
(PERMANOVA p-value = 4.7 x 103, suggesting a difference in microbial community
composition between those who use herbal supplements compared to those who do not.

Health status

In the analysis of health status related variables, n = 12 responses met the criteria for selection. Three
additional variables related to the use of antibiotics, irritable bowel syndrome diagnoses and reporting
of any conditions were included in this analysis. One variable under the health factors, which was
indicating whether individuals had no food allergies, emerged as having a significant difference in

beta diversity composition and abundance (Figure 4.8, P = 4.2 x 10-2).

The analyses reveal that specific variables related to socioeconomic status (SES), diet, lifestyle, and
health status significantly contribute to the diversity in microbial profiles. These variables, identified
through descriptive statistics as having strong and statistically significant associations, serve as
proxies for demographic-driven diversity. On a univariate level, the results highlight response
subgroups within these demographic categories that reflect differences in their environments,
cultures, and lifestyles, even within an urban professional setting. This sets the stage for subsequent
investigations into the taxonomic profiles and key bacterial species driving these observed

differences.
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Figure 4.8 Principal Coordinates Analysis (PCoA) plot of Weighted UniFrac Distances
comparing microbial community composition between individuals who do not have food
allergies (‘Checked') and those who do (‘Unchecked'). Each point represents an individual's
microbial community, with ellipses encapsulating the 95% confidence intervals of the group
centroids. The statistical significance of the difference in diversity is denoted at the top
(PERMANOVA p-value = 4.7 x 10-?), suggesting a difference in microbial community composition
between those who use have food allergies compared to those who do not.

4.3.2. Differential taxonomic abundance analyses with LEfSe

Linear Discriminant Analysis (LDA) Effect Size (LEfSe) is used for identifying biomarkers in
microbiome datasets that may distinguish different groups based on their microbial compositions. In
this study, LEfSe analysis was utilized to explore the differential abundance of microbial taxa across
the demographic and survey-response variables at the species level, or otherwise lowest possible
phylogenetic rank. The Kruskal-Wallis (KW) test was used to detect taxa with significantly different
abundances across multiple response subgroups. This was followed by the Wilcoxon rank-sum test
for pairwise comparisons between these groups when necessary. LEfSe was performed with a
significance threshold set at P < 5.0 x 102 and a minimum LDA effect size greater than two, allowing
for the detection and ranking of microbial taxa based on their effect sizes (Supplementary Data S4.8).
This method is particularly useful for highlighting significant taxa that may not be apparent through

abundance data alone due to their low relative abundance.

The significance of taxa is visually represented in the following dot plots where the size of each dot
correlates with the negative logarithm of the p-value from these statistical tests, primarily from the KW
test, or the Wilcoxon test in cases of pairwise comparisons. Although not meeting the threshold criteria

for downstream variable selection, the lifestyle and health variables — antibiotics, irritable bowel
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syndrome (IBS) diagnoses and the indication of any health-related “conditions” — were included in the

analysis due to their strong links with the gut microbiome (Duan et al., 2024).
i. Differential abundance across demographic variables

LEfSe analysis was conducted to explore the influence of age, gender, BMI group and ancestry on
the gut microbiome composition (Supplementary Data S4.8). From this analysis, specific enterotypes
(Bacteroides, Prevotella and Ruminococcus) at the genus level that were associated with the distinct
demographic groups were noted. Overall, n = 33 species were identified as differentially abundant
with statistical significance across these demographic groups, where n = 22 of those species were

unique.

For age group analysis, n = 3 species emerged, namely Bifidobacterium longum and Roseburia faecis
in young adults, and Barnesiella intestinihominis in older adults (Figure 4.9). In young adults n = 19
genera were noted with Prevotella enterotype presence, whereas older adults had n = 5 genera with
Ruminococcus presence, suggesting age-related differences in microbial composition

(Supplementary Data S4.8A).
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Figure 4.9 Differential abundance of microbial taxa in “age group” within the SAN population.
This figure displays a comparison of microbial taxa abundance from 16S long-read
sequencing data, between older adults (35+ years, red dots) and young adults (18-35 years,
blue dots). The x-axis measures the Linear Discriminant Analysis (LDA) scores in log10,
which quantifies the effect size of the abundance differences between groups. The y-axis lists
various microbial taxa at the lowest possible phylogenetic level (i.e. species level and above).
Dot sizes correlate with the negative logarithm of the p-value (-log10(p-value)), derived from
the Kruskal-Wallis rank-sum test used to initially identify differentially abundant taxa across
age categories, followed by pairwise Wilcoxon rank-sum tests where applicable. Taxa with
larger dot sizes and higher LDA scores represent more statistically significant and
biologically meaningful differences in abundance between the age groups.

In the gender analysis, n = 2 (Bacteroides dorei and Phascolarctobacterium faecium) and n
(Prevotella stercorea, Bacteroides cellulosilyticus, Bifidobacterium adolescentis, Massiliprevotella
massiliensis, Dialister succinatiphilus, Veillonella atypica) species were observed as significantly
more abundant in females and males, respectively (Figure 4.10). Enterotype variation was observed

as well with the female group presenting Bacteroides, and males presenting Prevotella profiles

(Supplementary Data S4.8B).
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Figure 4.10 Differential abundance of microbial taxa in “gender” groups within the SAN
population. This figure displays a comparison of microbial taxa abundance from 16S long-read
sequencing data, between females (red dots) and males (blue dots). The x-axis measures the
Linear Discriminant Analysis (LDA) scores in log10, which quantifies the effect size of the
abundance differences between groups. The y-axis lists various microbial taxa at the lowest
possible phylogenetic level (i.e. species level and above). Dot sizes correlate with the negative
logarithm of the p-value (-log10(p-value)), derived from the Kruskal-Wallis rank-sum test used
to initially identify differentially abundant taxa across gender categories, followed by pairwise
Wilcoxon rank-sum tests where applicable. Taxa with larger dot sizes and higher LDA scores
represent more statistically significant and biologically meaningful differences in abundance
between the gender groups.

For the ancestry comparison, n = 12 differentially abundant species were observed across the groups
of African (Prevotella stercorea, Bacteroides xylanisolvens) and Asian/Multiancestry/Other
(Bacteroides plebeius, Fusobacterium gonidiaformans, Bacteroides xylanisolvens, Bifidobacterium
catenulatum, Collinsella intestinalis, Blautia glucerasea, Parasutterella excrementihominis,
Adlercreutzia equolifaciens, Lactobacillus plantarum, Clostridium glycyrrhizinilyticum) individuals. The
Prevotella enterotype and n = 13 genera, and the Bacteroides enterotype with n = 15 genera were
correlated with the African and Asian/Multiancestry/Other groups respectively (Supplementary Data
S4.8C). Interestingly, only an uncultured species linked to the Muribaculaceae genus was identified

in the European ancestry group (Figure 4.11).
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Figure 4.11 Differential abundance of microbial taxa in “ancestry” groups within the SAN
population. This figure displays a comparison of microbial taxa abundance from 16S long-
read sequencing data, between African (red dots), Asian/Multiancestry/Other (green dots) and
European (blue dots) ancestries. The x-axis measures the Linear Discriminant Analysis (LDA)
scores in log10, which quantifies the effect size of the abundance differences between
groups. The y-axis lists various microbial taxa at the lowest possible phylogenetic level (i.e.
species level and above). Dot sizes correlate with the negative logarithm of the p-value (-
log10(p-value)), derived from the Kruskal-Wallis rank-sum test used to initially identify
differentially abundant taxa across ancestry categories, followed by pairwise Wilcoxon rank-
sum tests where applicable. Taxa with larger dot sizes and higher LDA scores represent more
statistically significant and biologically meaningful differences in abundance between the
ancestry groups.

In the BMI group analysis, combinations of enterotypes were observed across the categories, with n

= 9 species identified as differentially abundant (Supplementary Data S4.8D). For the underweight

group, a Prevotella/Bacteroides enterotype presence was noted across the n =7 genera, with n =6

ranked at the species level (Eubacterium rectale, Bacteroides coprocola, Parasutterella

excrementihominis, Faecalicoccus pleomorphus, Alistipes indistinctus and bacterium YE57) (Figure

4.12).
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Figure 4.12 Differential abundance of microbial taxa in “BMI group” within the SAN population.
This figure displays a comparison of microbial taxa abundance from 16S long-read sequencing
data, between Normal weight (<25) (red dots), Obese (30+) (green dots), Overweight (<30) (blue
dots) and Underweight (<18.5) (purple dots) individuals. The x-axis measures the Linear
Discriminant Analysis (LDA) scores in log10, which quantifies the effect size of the abundance
differences between groups. The y-axis lists various microbial taxa at the lowest possible
phylogenetic level (i.e. species level and above). Dot sizes correlate with the negative logarithm
of the p-value (-log10(p-value)), derived from the Kruskal-Wallis rank-sum test used to initially
identify differentially abundant taxa across BMI categories, followed by pairwise Wilcoxon rank-
sum tests where applicable. Taxa with larger dot sizes and higher LDA scores represent more
statistically significant and biologically meaningful differences in abundance between the BMI
groups.

The comprehensive LEfSe analysis of microbial differential abundance across different demographic
variables reveals distinct patterns that correspond closely with the statistically significant results
observed in the alpha and beta diversity analyses. Age-specific differences in microbial composition
are evident and align with the alpha diversity results, which showed age-related variations in microbial
richness and evenness. Gender differences further emphasize distinct microbial profiles, which
correlate with the beta diversity results indicating significant microbial community differences between

genders.
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Although the diversity analyses were performed on a rarefied dataset to standardize sequencing
depth and the LEfSe analysis utilized the whole cleaned dataset for a broader ecological perspective,
the patterns derived offer valuable insights. LEfSe incorporates internal normalization via its Kruskal-
Wallis test (accounting for uneven sampling depth) and subsequent LDA effect size estimation, which
scales features to minimize depth-related bias (Segata et al., 2011). While residual risks exist (e.g.,
extreme depth disparities), the concordance of LEfSe results with rarefaction-based diversity metrics

strengthened confidence in the biological relevance of identified biomarkers.

The observed correlations in these analyses highlight a complex interplay between demographic
factors and microbial dynamics, underscoring their potential implications for human health and the
profiling of the urban South African gut microbiome. Nevertheless, given the univariate nature of these
analyses, it is crucial to consider that other interacting response variables within these demographic
groups might be influencing the observed differences in microbial abundance. The following section
portrays the proceeding analyses performed to further disentangle these interactions and to
determine if the associations are directly attributable to demographic characteristics or are mediated

by other factors within the cohort.
ii. Differential abundance across response variables

In this section, subsequent analysis was performed focusing on the n = 42 SES, diet, lifestyle and
health variables, where n = 293 taxa emerged as differentially and statistically abundant. To further
refine the differentially abundant taxa, the resultant species were subset to exclude those present in
both the demographic and response variables to pinpoint the microbial associations specific to these
variables. These n = 226 species were then de-duplicated to account for species unique to each
variable (n = 43), inferring microbial biomarker identification using a univariate analytical approach
(Table 4.2).

SES

The SES analysis, conducted across income and transport modes, highlighted a shared enterotype
presence of Bacteroides/Prevotella and Prevotella/Ruminococcus for private and public transport use
respectively (Supplementary Data S4.8E). Although n = 44 species were identified across all SES
subgroups, only n = 3 were uniquely present with similar p-values (p = 7.7 x 10-) in relation to the
non-use of private (Blautia caecimuris) and use of public transport (Clostridium scindens,
Phascolarctobacterium succinatutens). Public transport was also shown to have significant
differences in alpha Shannon diversity in prior analyses, where its use was correlated with increased

abundance and evenness postulated to be linked to the biomarkers shown in Figure 4.13 (Table 4.2).
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Figure 4.13 Differential abundance of microbial taxa for “public transport” use within the SAN
population. This figure displays a comparison of microbial taxa abundance from 16S long-read
sequencing data, between individuals who use public transport (“Used/Checked”, red dots) and
who do not (“Not used/Unchecked”, blue dots). The x-axis measures the Linear Discriminant
Analysis (LDA) scores in log10, which quantifies the effect size of the abundance differences
between groups. The y-axis lists various microbial taxa at the lowest possible phylogenetic level
(i.e. species level and above). Dot sizes correlate with the negative logarithm of the p-value (-
log10(p-value)), derived from the Kruskal-Wallis rank-sum test used to initially identify
differentially abundant taxa across public transport categories, followed by pairwise Wilcoxon
rank-sum tests where applicable. Taxa with larger dot sizes and higher LDA scores represent
more statistically significant and biologically meaningful differences in abundance between the
groups.

Diet

The dietary analysis with LEfSe revealed the Bacteroides enterotype to be present in individuals that
did not follow a specialised diet (Supplementary Data S4.8F). A combination of n = 41 species
emerged across the seven diet variables. The “Classify diet” variable had the most unique species (n
= 3) with them all related to following a diet other than an omnivorous one: this included vegetarian
and vegan diets. In addition, n = 2 species correlated with a “high protein” diet, with Absiella argi

showing a pronounced LDA effect size > 3 and significant p-value (p = 6.6 x 10%).
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Table 4.2 Differentially abundant LEfSe taxa biomarkers uniquely identified in a response variable

Variable Enriched_group Species LDA! p-value
Transport_private Unchecked? Blautia_caecimuris 29 7.7X10°
Transport_public Checked?® [Clostridium]_scindens 2.4 7.7 X103
Transport_public Checked Phascolarctobacterium_succinatute 21 7.7 X103
classifydiet Other Zthobacillus_sakei 3.7 2.8 X10*
classifydiet Other Sutterellaceae_bacterium 3.4 2.8 X10*
classifydiet Other Lactobacillus_plantarum 2.3 2.8 X 10*
exclude_refined_sugars Checked Bacteroides plebeius 4.2 4.7 X102
gluten_free Checked Bifidobacterium_bifidum 3.7 1.4 X102
high_protein Checked [Eubacterium]_rectale 3.8 4.2 X102
high_protein Checked Absiella_argi 3.1 6.6 X 10+
infant_food Not sure Parabacteroides_goldsteinii 24 3.3 X103
pets No Alistipes_inops 3.9 3.5 X 10?2
pets No Bacteroides_fragilis 3.3 3.9 X103
pets Yes Parabacteroides_merdae 3.6 3.7 X102
cook_electricity Unchecked [Bacteroides] pectinophilus 3.3 4.4 X102
cook_electricity Unchecked Collinsella_sp. 2.6 4.4 X10%
cook_electricity Unchecked Lactobacillus_fermentum 24 4.4 X102
heat_gas Checked Desulfovibrio_piger 2.5 3.2 X10%?
heat_gas Checked [Clostridium]_aldenense 2.1 3.2 X102
multivit No Prevotella_stercorea 41 4.2 X10%
herbalsupplements Yes Bacteroides_eggerthii 4.1 4.4 X102
bitefingernails Yes Odoribacter_splanchnicus 3.0 3.7 X102
hoursofsleep 7+ hours Bacteroides _uniformis 4.1 1.1 X102
fabricsoftener Yes Coprococcus_eutactus 3.3 3.7 X102
white_wine Checked Blautia_stercoris 3.0 3.2 X102
white_wine Checked Turicibacter_sanguinis 2.8 3.2 X10?
red_wine Unchecked Streptococcus_salivarius 3.6 3.1 X102
alcohol_type_none Checked Bacteroides_faecis 3.2 1.7 X102
alcoholcount More than 4 [Clostridium]_glycyrrhizinilyticum 2.2 1.6 X107
alcoholcount More than 4 Anaerostipes_rhamnosivorans 21 1.6 X103
exercisetype Other (please specify) Sutterella_wadsworthensis 3.4 4.6 X102
exercisetype Sport (e.g. squash, soccer) Victivallis_vadensis 2.8 3.2 X 10?
exerciselocation Indoors Bacteroides _massiliensis 4.0 2.4 X102
exerciselocation Not applicable Parabacteroides_distasonis 4.3 4.7 X102
antibiotics Six months or less Bacteroides_cellulosilyticus 3.9 2.7 X102
antibiotics Six months or less Bacteroides_clarus 2.7 3.4 X 10?
antibiotics Six months or less Erysipelatoclostridium_ramosum 2.5 3.4 X102
antibiotics Year Bacteroides_cutis 3.9 4.8 X102
antibiotics Year Adlercreutzia_equolifaciens 20 4.8 X102
lactoseintol Yes Collinsella_intestinalis 2.7 3.3 X 10?2
lactoseintol Yes Blautia_obeum 25 3.3X 102
glutenintol Intolerance Bacteroides_stercoris 3.7 2.1 X103
glutenintol Intolerance Dorea_longicatena 26 6.5X 103
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Variable Enriched_group Species LDA! p-value
bowelqualitychoice | tend to be constipated (have Alistipes_putredinis 4.2 2.8 X102
difficulty passing stool) - Type 1
and 2
allergiesfood_none Unchecked Bacteroides_coprocola 3.9 3.6 X 102
allergiesfood_none Unchecked Bifidobacterium_catenulatum 3.0 1.4 X102
allergiesnonfood_petdander Checked Phascolarctobacterium_faecium 4.1 3.0 X 102

1LDA: Linear Discriminant Analysis effect size value; 2Unchecked = unselected response; 3Checked = selected response.
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Lifestyle
The LEfSe analysis for lifestyle responses was performed across n = 21 related variables
(Supplementary Data S4.8G). All three enterotypes were observed across the variables:
where Bacteroides presence was linked to herbal supplement use and hours of sleep, as well
as in conjunction with Prevotella for cooking with electricity, cosmetics use and consumption
of beers and/or ciders; Prevotella was solely enriched with pets and combined with
Ruminococcus for alcohol count; and Ruminococcus was solely enriched in relation to

probiotic and antibiotic use.

g__Prevotellaceae_UCG-001_s__uncultured_bacterium - .
s__Bacteroides_eggerthii ®
s__Bacteroides_intestinalis - .
s__Ruminococcus_bicirculans 4 .
Use herbal
g__Phascolarctobacterium_s__gut_metagenome . supplements
-log10(pvalue)
s__Victivallales_bacterium 4 L ® 14
® s
g_ CAG-56_s__ uncultured_Ruminococcus . . 18
g__ Bacteroides_s__uncultured_bacterium . .
Enriched group
. No
g_ Butyricimonas_s__uncultured_bacterium 4 .
® Yes
g__ Family_XIIl_UCG-001_s__uncultured_bacterium 4 .
f__Oscillospiraceae_g__uncultured_s__uncultured_organism 4 L

g__Lachnospiraceae_UCG-008_Unclassified4{ @

g__Akkermansia_Unclassified 4

g_ UCG-010_Unclassified q

2.0 2.5 30 35 4.0
LDA score (log10)

Figure 4.14 Differential abundance of microbial taxa for “herbal supplements” use within the
SAN population. This figure displays a comparison of microbial taxa abundance from 16S
long-read sequencing data, between individuals who use herbal supplements (Yes, blue
dots) and who do not (No, red dots). The x-axis measures the Linear Discriminant Analysis
(LDA) scores in log10, which quantifies the effect size of the abundance differences between
groups. The y-axis lists various microbial taxa at the lowest possible phylogenetic level (i.e.
species level and above). Dot sizes correlate with the negative logarithm of the p-value (-
log10(p-value)), derived from the Kruskal-Wallis rank-sum test used to initially identify
differentially abundant taxa across herbal supplement use responses, followed by pairwise
Wilcoxon rank-sum tests where applicable. Taxa with larger dot sizes and higher LDA scores
represent more statistically significant and biologically meaningful differences in
abundance between the groups.

Page 108 of 253



The maijority of unique species (n = 5) were also linked to antibiotic use (Table 4.2), ranging
from its use in the past year to as recent as six months from the time of the sample collection.
This biomarker discovery was followed by n = 3 unique species observed in relation to pets
and cooking with electricity; n = 2 linked to gas heating, consuming white wine, alcohol count,
exercise type and exercise location; and lastly n = 1 count of unique species with significant

differential abundance observed over seven other lifestyle related variables (Table 4.2).

s Bacteroides_vulgatus - @
s Akkermansia_muciniphila - [ ]
g__UCG-010_s__ uncultured_bacterium .
g__[Eubacterium]_oxidoreducens_group s __uncultured_bacterium 4 ]
s__Bacteroides_dorei 4

g__Anaeroplasma_s__uncultured_bacterium <4 .
Use gas heating

s__Victivallales_bacterium 4§ Enriched group

Used

("Checked")

® Not used
("Unchecked")

g__Bacteroides_s__Bacteroides_xylanisolvens 4

s__Eubacterium_ramulus 4

g_ UCG-005_s__gut_metagenome -log10(pvalue)
1.5
g__Clostridia_vadinBB60_group_s__metagenome 4 g
@ 17
s__ Butyrivibrio_crossotus 4 . 1.9
s__Desulfovibrio_piger - . 2.1

s__ bacterium_NLAE-zI-H431

f__Oscillospiraceae_g__uncultured_s__uncultured_organism =

g__Lachnospiraceae_UCG-008_Unclassified 4

g__Paludicola_s__uncultured_bacterium

g__ Clostridia_UCG-014_s__uncultured_organism =

s__[Clostridium]_aldenense

T T

2 3 4 5
LDA score (log10)

Figure 4.15 Differential abundance of microbial taxa for “gas heating” use within the SAN
population. This figure displays a comparison of microbial taxa abundance from 16S long-read
sequencing data, between individuals who use gas heating (“Used/Checked”, red dots) and who
do not (“Not used/Unchecked”, blue dots). The x-axis measures the Linear Discriminant
Analysis (LDA) scores in log10, which quantifies the effect size of the abundance differences
between groups. The y-axis lists various microbial taxa at the lowest possible phylogenetic level
(i.e. species level and above). Dot sizes correlate with the negative logarithm of the p-value (-
log10(p-value)), derived from the Kruskal-Wallis rank-sum test used to initially identify
differentially abundant taxa across gas heating categories, followed by pairwise Wilcoxon rank-
sum tests where applicable. Taxa with larger dot sizes and higher LDA scores represent more
statistically significant and biologically meaningful differences in abundance between the
groups.
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One of these variables was herbal supplement use, which was indicated to have a statistical
difference in microbial composition measured with beta diversity, postulated to be linked to
the observed species (Figure 4.14). The differentially abundant species under gas heating
(Figure 4.15) and multivitamin use (Figure 4.16) also revealed a significant association with
alpha diversity in the prior diversity analyses (Figure 4.5; 4.6), where those who did not use

either showed an increased abundance and evenness of microbial diversity.

s__Akkermansia_muciniphila 4 .
g__ Dialister_s__gut_metagenome - L]
g__Phascolarctobacterium_s__gut_metagenome - .
Eubacterium]_siraeum_group_s__gut_metagenome - L .
91 1 Qroup_s__gut_metag ® Use multivitamins
Enriched group
s__Alistipes_onderdonkii . No
® Yes
s__ bacterium_NLAE-z|-H431 4 [ ]
-log10(pvalue)
g Subdoligranulum_s__uncultured bacterium - @ ® 1.4
® 15
g__ Rikenellaceae_RC9_gut_group_s__uncultured_bacterium - . 1.6
@

s__ Prevotella_stercorea A

g_ Dorea_s__uncultured_organism -

g__Roseburia_Unclassified 5

g_ UCG-010_Unclassified 4

25 3.0 35 40 45
LDA score (log10)

Figure 4.16 Differential abundance of microbial taxa for “multivitamins” use within the SAN
population. This figure displays a comparison of microbial taxa abundance from 16S long-read
sequencing data, between individuals who use multivitamins (Yes, blue dots) and who do not
(No, red dots). The x-axis measures the Linear Discriminant Analysis (LDA) scores in log10,
which quantifies the effect size of the abundance differences between groups. The y-axis lists
various microbial taxa at the lowest possible phylogenetic level (i.e. species level and above).
Dot sizes correlate with the negative logarithm of the p-value (-log10(p-value)), derived from the
Kruskal-Wallis rank-sum test used to initially identify differentially abundant taxa across
multivitamin use responses, followed by pairwise Wilcoxon rank-sum tests where applicable.
Taxa with larger dot sizes and higher LDA scores represent more statistically significant and
biologically meaningful differences in abundance between the groups.

Page 110 of 253



Health

The LEfSe analysis was also performed on n = 12 health related variables, with the
Ruminococcus enterotype uniquely being present at genus level when focused on mental
health. When delving into the LDA effect size and significance of species identified uniquely
across these health variables, n = 2 unique biomarkers each emerged in relation to lactose
and gluten intolerance. The species Bacteroides stercoris had the greatest effect size (LDA =
3.74) and significant p-value (P = 2.1 x 103) linked to gluten intolerance, which infers its
association with this aetiology (Table 4.2). In addition, having an “unchecked” response in
relation to “allergies food none” meant n = 2 species (Bacteroides coprocola and
Bifidobacterium catenulatum) were highlighted to be associated with having some kind of food
allergy (Figure 4.17). This variable was also found to have a significant difference in
microbiome beta diversity (Figure 4.8), inferring that these species biomarkers may be driving

this difference between groups with and without food allergies.
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Figure 4.17 Differential abundance of microbial taxa for “food allergies (none)” within the SAN
population. This figure displays a comparison of microbial taxa abundance from 16S long-read
sequencing data, between individuals who have no food allergies (“Checked”, red dots) and
those who do have food allergies (“Unchecked”, blue dots). The x-axis measures the Linear
Discriminant Analysis (LDA) scores in log10, which quantifies the effect size of the abundance
differences between groups. The y-axis lists various microbial taxa at the lowest possible
phylogenetic level (i.e. species level and above). Dot sizes correlate with the negative logarithm
of the p-value (-log10(p-value)), derived from the Kruskal-Wallis rank-sum test used to initially
identify differentially abundant taxa across food allergy_none responses, followed by pairwise
Wilcoxon rank-sum tests where applicable. Taxa with larger dot sizes and higher LDA scores
represent more statistically significant and biologically meaningful differences in abundance
between the groups.

The analysis provided a detailed view of how demographic and survey response variables
influence the gut microbiome. The identification of specific taxa as biomarkers helps in
understanding the biological implications of their abundance across the demographic groups
of this cohort, as well as their unique diet, lifestyle, SES and health profiles. These findings
strengthen the evidence of prior associations (Chapter 4.3.1) that were observed to be
significantly different across the cohort in terms of microbial diversity, which highlights the
variation that can be derived in an urban setting. This paves the way for downstream functional
analyses to explore whether the metabolic pathways or genes associated with these taxa are

influenced by, or contribute to, the observed differences.

4.3.3. Predicted functional profiling analyses with PICRUSt and ggpicrust2

The 16S long-read data functional potential was investigated by predictive metagenomic
analysis using the PICRUSt workflow, with downstream statistical analysis using ggpicrust2.
This approach allowed for the estimation of the functional contributions of microbial
communities via the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, which
are integral to understanding microbial roles in the ecosystem. A total of n = 349 KEGG
pathways, with descriptive pathways annotated using the MetaCyc database, were identified
across the samples (Supplementary Data S4.9A). “Pathway classes” serve as broad
categories that group functionally related biological processes, such as "metabolism" or
"cellular processes." Within these classes, individual “pathways” provide detailed molecular
maps of specific biological processes. This hierarchical structure allowed navigation from
general biological systems down to specific molecular interactions and mechanisms (BV-BRC,
2023). The data for this analysis were derived from enzyme-based predictions, where each
pathway's abundance in the dataset was quantified according to the predicted counts of
Enzyme Commission (EC) numbers, providing a detailed view of the diverse active metabolic

functions present within the microbial communities.
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Top 10% of KEGG pathways identified from the PICRUSt functional analysis of 16S long - read data
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Figure 4.18 Distribution of the top 10% of KEGG (MetaCyc) pathways as identified from PICRUSt functional analysis of 16S long-read data. The

graph illustrates the mean abundance (blue bars, left y-axis), and the percent prevalence (orange line, right y-axis) of each pathway, based on

coverages per sample of predicted enzyme commission (EC) number abundances, highlighting n

35 predominant metabolic functional KEGG

(MetaCyc database annotated) pathways (x-axis) in the SAN population. The error bars represent the standard deviation (stdev.s) of the total

abundance of each pathway across the cohort.
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The top 10% most prevalent KEGG pathways identified and annotated using the MetaCyc
database (n = 35) is illustrated in Figure 4.18. The figure employs a dual-axis format.
representing both the mean abundance of each pathway across all samples, and the
percentage of the total functional contribution attributed to each pathway. The combined
prevalence of these pathways accounted for ~30% of the metabolic functions, with up to
~1.1% of this prevalence being attributable to “starch degradation V”. However, the standard
deviations were substantial compared to the means across all identified pathways, indicating

significant variation in the functional potential across the cohort.

In addition to starch degradation V, the other top 1% of pathways identified were: “gondoate
biosynthesis (anaerobic)’, “adenosine deoxyribonucleotides de novo biosynthesis II”,
“guanosine deoxyribonucleotides de novo biosynthesis II”, and “pentose phosphate pathway
(non-oxidative branch) I”. Majority of the remaining pathways were also involved in
ribonucleotide and amino acid biosynthesis (Figure 4.18). These pathways are integral to
various biological processes including lipid metabolism, nucleotide synthesis, and

carbohydrate processing, which are key pathways in energy production and cellular growth.

Brief analyses across demographic and response variables identified several intriguing
pathway associations within the SAN population, although these were modest and require
cautious interpretation due to the predictive nature of the data. Notably, demographic
stratifications by age, gender, ancestry, and BMI indicated subtle but significant variations in
microbial functional profiles. Similarly, lifestyle and health-related variables such as cosmetics
use, dietary choices, and reported health conditions emerged as potential factors linked to
differences in microbial functional potential, particularly pathways associated with xenobiotic

metabolism, carbohydrate processing, and lipid metabolism.

Given the predictive and exploratory nature of these findings, detailed results, including the
comparative analyses with reference cohorts (American athletes and Chinese diarrheal
patients) and comprehensive statistical evaluations, are provided in Appendix One. This
supplementary information includes extensive visualizations and statistical summaries to

facilitate deeper interrogation and validation of the observed relationships.

4.4. Investigation of community stratification in the SAN population

To explore the community stratification in the SAN population, a structured analytical approach
focused on taxonomy and metadata profiles was undertaken. Firstly, the defining of distinct
community clusters based on compositional similarities. Secondly, a detailed characterization
of cluster-specific community structures through taxonomic analyses. Finally, investigations of
associations between cluster membership and participant characteristics to understand

potential lifestyle and health-related factors underlying this stratification.
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4.4.1. Identification and validation of community clusters

Analysis of the SAN population microbiome composition revealed distinct community
structures when examining sample distributions in ordination space. To objectively classify
these apparent patterns, k-means clustering was applied to the PCoA coordinates resulting in
two distinct clusters (Figure 4.19). Cluster 1 contained n = 106 samples and was primarily
distributed in the upper half of PC2, while Cluster 2 contained n = 136 samples and occupied
the lower portion of the ordination space (Supplementary Data S4.19). The samples in Cluster
1 showed higher median relative abundance values (median = 2.5 x 10-3) compared to Cluster
2 (median = 1.9 x 10-#). Both clusters maintained similar taxonomic richness with n = 14 phyla

identified in each cluster after taxonomic grouping, derived from an initial set of 3,485 taxa.

SAN sample clusters
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Figure 4.19 Principal Coordinates Analysis (PCoA) plot showing the distribution of SAN
population samples clustered using k-means clustering (k = 2). The plot represents the first two
principal coordinates (PC1 and PC2) of the Bray-Curtis dissimilarity matrix calculated from
phylum-level taxonomic profiles. Each point represents a single sample, with colours indicating
cluster membership (Cluster 1 in blue, n = 106; Cluster 2 in pink, n = 136).
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4.4.2. Characterization of cluster-specific community structures

Further analysis of the microbial communities between the two clusters revealed significant
differences in phylum-level composition (Figure 4.20). Six out of fourteen phyla showed
statistically significant differences between clusters (FDR < 5.0 x 10-2). The most pronounced
difference was observed in Actinobacteriota (adjusted p-value = 3.1 x 10-4') which showed
markedly higher abundance in Cluster 1 (mean = 13.4%) compared to Cluster 2 (mean = 2.0
x 102%). Bacteroidota, the most abundant phylum across all samples, showed significantly
higher relative abundance in Cluster 2 (59.3%) compared to Cluster 1 (47.6%; adjusted p-
value = 9.0 x 10%). Additional significant differences were observed in Proteobacteria,
Verrucomicrobiota and Desulfobacterota, as well as in the proportion of unclassified phyla
(Supplementary Data S4.19C).
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Figure 4.20 Distribution of relative abundances for each bacterial phylum across the two
identified clusters in the SAN population. Box plots show the median (horizontal line),
interquartile range (box), and range (whiskers) of relative abundances, with outliers represented
as grey points. Clusters are colour-coded (Cluster 1 in blue, Cluster 2 in pink). Asterisks (*)
indicate phyla showing significant differences between clusters (FDR < 5.0 x 102) based on
Wilcoxon rank-sum tests with Benjamini-Hochberg correction for multiple comparisons. y-axes
are scaled independently for each phylum to optimize visualization of abundance patterns.

4.4.3. Association of clusters with participant characteristics

The analysis of participant characteristics revealed distinct associations between lifestyle
factors and microbial community structures in the SAN population (Supplementary Data
S4.19D). Fisher's exact tests identified eight metadata variables significantly associated with
cluster membership (p-value < 5.0 x 10-2). Notably, COVID-19 diagnosis history showed the
strongest association (p-value = 4.0 x 103) with a higher proportion of previous infections
reported in Cluster 2. Participants in Cluster 1 reported higher frequencies of cosmetics use
(p-value = 2.2 x 102) and vivid/frightening dreams (p-value = 2.3 x 10-2), while Cluster 2
showed higher proportions of CSIR post code work locations (p-value = 2.3 x 10-?) and dairy
exclusion from their diet (p-value = 2.8 x 10-2). Additional significant associations included red

wine consumption, pool/hot tub use and exercise location preferences (Figure 4.21).
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Figure 4.21 Distribution of metadata variables significantly associated with microbial
community clusters (p < 5.0 x 10-2). Each panel represents the proportion of participant
responses (y-axis) between Cluster 1 (n = 106) and Cluster 2 (n = 136) for different categorical
variables. Legend colours indicate response categories. Statistical significance was
determined using Fisher's exact tests.

To determine which bacterial phyla were driving these associations, Kruskal-Wallis tests were
performed for each significant metadata variable, followed by Benjamini-Hochberg correction
for multiple comparisons (Figure 4.22, Supplementary Data S4.19D). This analysis revealed
two robust associations: Actinobacteriota showed significantly higher abundance in
participants without prior COVID-19 diagnosis (adjusted p-value = 1.2 x 10?) and
Cyanobacteria demonstrated elevated levels in participants who reported red wine

consumption (adjusted p-value = 4.6 x 102).
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Figure 4.22 Bacterial phyla showing significant associations with lifestyle variables in the SAN
population clusters. Relative abundance distributions (y-axis) of bacterial phyla are shown
across participant responses (x-axis) for differentially significant lifestyle-related variables
across the SAN clusters (Cluster 1, n = 106; Cluster 2, n = 136). Each point represents an
individual participant sample, with boxes indicating median and interquartile range (IQR), and
whiskers extending to 1.5 x IQR. Statistical testing was performed using Kruskal-Wallis tests,
with Benjamini-Hochberg correction for multiple comparisons. Displayed associations had
Kruskal-Wallis p < 5.0 x 102, with Actinobacteriota — COVID-19 history and Cyanobacteria — red
wine consumption additionally meeting FDR < 5.0 x 102 threshold.

Beyond the FDR-significant findings, several other significant phylum-level associations were
observed. Actinobacteriota emerged as a key indicator across multiple lifestyle factors.
Participants who reported using cosmetics showed higher Actinobacteriota abundance
compared to non-users (p-value = 7.0 x 10-), while those experiencing vivid/frightening
dreams exhibited elevated levels (p-value = 1.5 x 10?). The analysis also revealed that
pool/hot tub users had lower Actinobacteriota abundance and higher Cyanobacteria levels,
particularly evident in several outliers (p-value = 1.5 x 102 and p-value = 4.7 x 1072
respectively). Work location analysis showed that CSIR workers had higher relative
abundances of both Actinobacteriota and Proteobacteria (p-value = 3.7 x 102 and p-value =
1.3 x 102, respectively), while those working in other locations showed higher levels of
Cyanobacteria (p-value = 4.3 x 102). Dairy consumers ("unchecked" responses) showed
higher relative abundances of Actinobacteriota compared to those who excluded dairy from
their diet (p-value = 2.8 x 102).

Integration of 16S long-read and short-read shotgun sequencing revealed varying
methodological comparisons across the taxonomic resolution levels, with strong functional
concordance in profiling the SAN population gut microbiome. Core microbiome analysis
identified stable community members across temporal samples, while demonstrating
significant inter-individual variation. Natural community stratification exploratory analysis
revealed significant associations between specific bacterial phyla and participant
characteristics, with Actinobacteriota and Cyanobacteria showing the strongest statistical
associations with lifestyle factors. Global population comparisons positioned the SAN
population's microbiome profile within established patterns of human gut microbiome diversity.
Functional pathway analysis highlighted distinctive metabolic capabilities, particularly in
carbohydrate metabolism and biosynthesis pathways, with significant differences observed
between participant subgroups. These results collectively provide a comprehensive profile of
the urban professional South African gut microbiome across taxonomic, functional, and

comparative analyses, which will be discussed in the following chapter.
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4.5. Long-read and short-read dataset concordance

A concordance analysis between the 16S rRNA gene long-read sequencing (PacBio) and
shotgun metagenomic sequencing (lllumina) datasets was performed on a representative
subset (n = 29 samples), from the South African (SAN) cohort (Appendix One, Table A1.14).

4.5.1. Taxonomic resolution and classification

At higher taxonomic levels (Kingdom and Phylum), moderate agreement was observed
between the 16S and shotgun methods. Shotgun sequencing consistently detected a
significantly greater number of unique taxa across all classification levels, particularly evident
at genus and species levels. At the species level, shotgun sequencing identified over 125
unique taxa, compared to less than 20 for the 16S method (Appendix One, Figures A1.19 —
A1.21). Shotgun sequencing displayed greater sensitivity and resolution, specifically
identifying prevalent gut species including Faecalibacterium prausnitzii and Prevotella copri
clade A (Appendix One, Figure A1.26).

4.5.2. Microbial community composition

Both approaches detected similar dominant bacterial phyla (Firmicutes and Bacteroidetes).
Notable differences emerged in their relative abundance, with 16S sequencing showing a
higher Firmicutes:Bacteroidetes ratio compared to shotgun sequencing (Appendix One,
Figure A1.23). Differences became more pronounced at finer taxonomic resolutions (class,
order, family), with shotgun sequencing frequently detecting a higher proportion of unclassified
taxa, highlighting its deeper resolution and potential to detect novel microbial diversity
(Appendix One, Figures A1.24 — A1.25, Supplementary Figures S4.1 — S4.2).

4.5.3. Diversity metrics comparison

Diversity analyses (alpha and beta diversity) revealed significant methodological differences
between sequencing approaches across multiple taxonomic ranks. Shotgun sequencing
consistently demonstrated higher alpha diversity (Shannon diversity index) than the 16S
method at phylum, class, order, and family levels (Kruskal-Wallis p < 5.0 x 10-2; Appendix
One, Figures A1.27 — A1.30, Supplementary Figures S4.3 — S4.6). Beta diversity analysis
(Bray-Curtis dissimilarity) indicated strong method-specific clustering (PERMANOVA R?
ranging from 0.3 — 0.5; p = 1.0 x 10-3), emphasizing distinct microbial community structures

detected by each sequencing method (Appendix One, Figures A1.27 — A1.30).

4.5.4. Method agreement and bias analysis
Intraclass correlation (ICC) analyses revealed moderate-to-good concordance at higher
taxonomic levels (phylum and class; ICC ~0.7), but agreement notably decreased at genus

and species levels (ICC < 0.5), indicating increased method-specific biases at finer
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resolutions. Bland-Altman and fold-change analyses confirmed systematic abundance-
dependent biases between methods, with shotgun sequencing more effectively capturing both

low and high abundance taxa (Appendix One, Figures A1.31 —A1.34).

4.5.5. Functional profiling concordance

Predicted functional profiles from 16S data (PICRUSt2) and directly measured functional
annotations from shotgun data (HUMANN3) were compared. Both methods identified a core
set of n = 285 common metabolic pathways, while shotgun sequencing uniquely identified an
additional n = 506 pathways, substantially broadening functional characterization potential.
Moderate correlations were observed between methods (r = 0.6; p < 3.0 x 10-24), though
substantial method-specific variations exist, especially for pathways at lower abundances
(Appendix One, Figures A1.35 — A1.37).

Subsequent analyses examining associations between demographic, socioeconomic, dietary,
lifestyle, and health variables and microbial functional profiles showed generally similar trends
between methodologies. No associations remained statistically significant after multiple
testing corrections (Appendix One, Figures A1.38 — A1.51, Supplementary Data S4.20 —
S4.21).

In summary, the comparative analysis highlights methodological differences and specific
strengths: shotgun sequencing provides greater taxonomic and functional resolution, while
16S sequencing remains an efficient, cost-effective approach useful for broader ecological
and comparative studies. Detailed evaluation of concordance, diversity metrics, and functional

profiling methods are documented in Appendix One (Supplementary Results).

4.6. Core versus temporal dynamics of the gut microbiome

Understanding the stability and temporal dynamics of the human gut microbiome is crucial for
distinguishing between core community members and transient variations. This section
examines the longitudinal changes in gut microbiome composition across two timepoints in n
= 22 individuals using the 16S long-read sequencing SAN dataset. We investigate both
community-level metrics through diversity analyses and specific taxonomic changes to
characterize the balance between stable core microbiome components and temporal
fluctuations. The analysis incorporates multiple complementary approaches, including alpha
and beta diversity measurements, core microbiome prevalence and differential abundance
testing, to provide a comprehensive view of temporal dynamics. By comparing intra-individual
changes to inter-individual differences, we aimed to quantify the relative contribution of

temporal drift versus host-specific factors in shaping microbiome composition.
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4.6.1. Diversity Analysis

i. Taxonomic analysis

To assess microbiome stability within individuals compared to between-individual variation,
analysis of paired stool samples collected from n = 22 subjects at two timepoints was
performed. Bray-Curtis dissimilarity was calculated between all samples, comparing both
within-individual temporal changes (intra-individual) and between different individuals (inter-
individual) (Figure 4.23). The median Bray-Curtis dissimilarity for intra-individual comparisons
(0.8) was significantly lower than inter-individual comparisons (0.9) (Wilcoxon rank-sum test
p-value = 1.2 x 10-%). However, while intra-individual samples were more similar on average
(lower median distance), they displayed greater variability in their degree of similarity (SD =
0.2) compared to the more consistently distant inter-individual comparisons (SD = 0.1). This
indicates that some individuals maintain highly stable gut microbiomes over time, while others
experience substantial compositional shifts, resulting in the wider range of Bray-Curtis values

observed in the intra-individual comparison group.
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Figure 4.23 Comparison of intra- and inter-individual gut microbiome variation.
Boxplots showing Bray-Curtis dissimilarity between stool microbiome samples
collected from n = 22 subjects. Intra-individual comparisons (n=22) represent temporal
changes within the same individual between two timepoints. Inter-individual
comparisons (n = 231) represent differences between baseline samples from different
individuals. Boxes show median and interquartile range; whiskers extend to 1.5 times
the interquartile rang.

A permutational multivariate analysis of variance (PERMANOVA) stratified by subject to
account for repeated measures revealed that collection timepoint explained only 1.6% of the
total variation in microbiome composition (R2= 1.6 x 10-2, p-value = 0.5). These results suggest
that while individuals' microbiome compositions are generally more similar to their own
samples than to others' (as indicated by the lower median dissimilarity), there is substantial
and variable temporal change within individuals. The non-significant PERMANOVA result

further indicates that these temporal changes do not follow a consistent pattern across
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subjects, suggesting that individual-specific factors may drive temporal variability in gut
microbiome composition. To further investigate these individual-specific patterns, analysis of

temporal changes in alpha diversity at the subject level was performed.
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Figure 4.24 Shannon Diversity Index comparison between baseline (cross-sectional) and follow-
up (longitudinal) timepoints. Boxplots show the distribution of diversity values at each
timepoint, while grey lines connect paired samples from the same individual (n = 22), illustrating
subject-specific temporal changes.

The overall Shannon diversity indices showed a decrease from baseline (mean = 2.4) to
follow-up (mean = 2.0), yet with considerable overlap in distributions and no statistically
significant difference between timepoints (Wilcoxon rank-sum p-value = 9.7 x 107"; Figure
4.24). Examination of individual-level changes further highlighted substantial heterogeneity in
temporal patterns (Figure 4.25). Changes in Shannon diversity varied widely among
participants, ranging from a decrease of approximately 1.0 to an increase as large as 2.5,
underscoring the highly individualized nature of microbiome dynamics within this cohort.
Notably, most participants (68%; 15/22) demonstrated moderate shifts (absolute change <

1.0), whereas roughly a third (32%, 7/22) exhibited pronounced shifts (absolute change > 1.0).

This observed variability was consistent with published longitudinal microbiome studies, where
individual microbiome profiles often show personalized and idiosyncratic trajectories over time

due to diverse environmental, dietary, lifestyle, and other influencing factors (Bjork et al., 2024;

Page 125 of 253



Bourdeau-Julien et al., 2023). Therefore, the lack of significant overall temporal difference was
not indicative of uniform stability among individuals but rather reflected averaging out
heterogeneous individual-level shifts in opposite directions. This variability was accounted for
in subsequent analyses to ensure accurate interpretation of group-level microbiome patterns

and associations.

Individual Changes in Shannon Diversity

o - N

Change in Shannon Index (Longitudinal - Baseline)

N

W F PP R PP PP PSP PP @ P P g P
Subject

Figure 4.25 Individual changes in Shannon Diversity between timepoints. Bars represent the
change in Shannon Diversity Index (longitudinal - baseline) for each subject (n = 22). Blue
bars indicate increased diversity at follow-up, while red bars indicate decreased diversity.
Subjects are ordered by magnitude of change.

To visualize the overall patterns of microbiome composition and validate our previous
dissimilarity findings (Figure 4.23), we performed Principal Coordinates Analysis (PCoA)
based on Bray-Curtis dissimilarities (Figure 4.26). The first two principal coordinates explained
a combined 17.6% of the total variation (PCoA1: 11.1%, PCoA2: 6.5%) and emphasized the
high dimensionality of the data. The ordination revealed no clear clustering by collection
timepoint, consistent with the PERMANOVA results (Supplementary Data S4.12A).
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Figure 4.26 Principal Coordinates Analysis (PCoA) of stool microbiome samples based on
Bray-Curtis dissimilarities. Points represent individual samples coloured by subject (n = 22),
with shapes indicating collection timepoint (circles = cross-sectional / baseline, triangles =
longitudinal / follow-up). Connected lines show paired samples from the same subject.
Subject IDs on cross-sectional samples are shown for individuals with the largest temporal
shifts (top 25% of paired distances). The first two principal coordinates explain 11.1% and
6.5% of the total variation, respectively.

Samples from the same subject tended to cluster together, as indicated by the relatively short
distances between paired samples (connected by lines) compared to the overall spread of
points in the ordination space (Figure 4.26). However, the magnitude and direction of temporal
changes varied substantially between subjects with some showing minimal shift in community
composition (e.g. subjects 23 and 282 with tightly clustered pairs), while others displayed more
pronounced changes. The most substantial temporal shifts (Bray-Curtis distances > 0.9) were
observed in subjects 1, 188, 199, 276, 287 and 289, representing the top quartile of paired
sample distances in the ordination space. Further investigation of the six subjects showing the
largest compositional shifts revealed concurrent changes in multiple lifestyle and health
factors (Table 4.3). These subjects exhibited distinct separation between timepoints in the

PCoA ordination, with their temporal changes following subject-specific trajectories.
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Table 4.3 Survey responses in subjects with largest Bray-Curtis Dissimilarity temporal shifts

Changes in survey responses for subjects with shifts in Bray-Curtis Distances

Subject ID Survey variable  Change between timepoints

188 timeintraffic Changed from Less than 10% to 20-40%

188 heat_gas Changed from Unchecked to Checked

188 cook_gas Changed from Unchecked to Checked

188 multivit Changed from No to Yes

188 vitb Changed from No to Yes

188 spirits_hard Changed from Unchecked to Checked

199 antibiotics Changed from No to Six months or less

199 fluvac Changed from Year to Six months or less

276 longcommute Changed from 30-45 minutes to 45+ minutes

276 travelmonth Changed from NA to Within the year

276 heat_gas Changed from Unchecked to Checked

276 cook_gas Changed from Unchecked to Checked

276 bowelqualitychoice Changed from | tend to be constipated (have difficulty passing stool) - Type 1 and 2 to | tend to have normal formed stool - Type 3 and 4
276 antibiotics Changed from No to Six months or less

287 weightkgs Changed from 73 to 63

287 bmi Changed from 27,14 to 23,42

287 bmi_group Changed from Overweight (<30) to Normal weight (<25)
287 multivit Changed from Yes to No

287 vitd Changed from Yes to No

287 poolorhottub Changed from Yes to No

287 alcohol Changed from No to Yes

287 white_wine Changed from Unchecked to Checked

287 alcohol_type_none Changed from Checked to Unchecked

287 bowelmovements Changed from Less than one to One

287 bowelqualitychoice Changed from | tend to be constipated (have difficulty passing stool) - Type 1 and 2 to | tend to have normal formed stool - Type 3 and 4
Note:

Only subjects in the top 25% of microbiome compositional changes are shown

Notable patterns emerged in the metadata: four subjects (788, 276, 287 and 199) reported
changes in medication use or medical interventions, particularly antibiotic exposure. Three
subjects (188, 276 and 287) experienced changes in lifestyle factors affecting daily routines,
including commuting patterns and environmental exposures. Changes in gastrointestinal
function were reported by two subjects (276 and 287), who showed improvements in bowel
movement patterns. Subject 287's substantial shift coincided with post-partum changes,
including significant changes in BMI and dietary habits. To determine whether these subject-
specific taxonomic shifts corresponded to functional shifts, we next examined the temporal

stability of metabolic pathways across timepoints.
ii. Functional analysis

While taxonomic diversity analyses revealed substantial individual-specific temporal patterns,
these compositional changes may not directly reflect functional variations in the gut
microbiome. To investigate whether functional capabilities show similar patterns of variation,
we examined the diversity and stability of KEGG ortholog (KO) pathways across timepoints
(Supplementary Data S4.13). This complementary functional analysis provides insight into
whether the observed taxonomic changes translate to alterations in metabolic potential, or if
functional redundancy among different taxa maintains stable pathway representation despite

compositional shifts.
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Figure 4.27 Total variance of KEGG ortholog (KO) pathway abundances plotted against their
log10-transformed relative abundances. Points are coloured by the weighted Shannon
Diversity Index of samples where each pathway is present, showing relationships between
pathway abundance, variability, and community diversity.

Functional analysis of gut microbiome KO pathways revealed distinct patterns of abundance
and variability. The relationship between pathway abundance and variance (Figure 4.27)
demonstrated that pathways with higher relative abundances (log10 relative abundance
approaching 0) showed greater total variance, with some highly abundant pathways exhibiting
variance values > 2.0 x 10-2. The majority of pathways clustered at lower abundance levels
(log10 relative abundance < -2) with correspondingly low variance (< 1.0 x 10-2). Shannon
diversity indices were relatively consistent across most pathways (~1.5 — 2), with only a few

pathways showing notably different diversity values.
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Figure 4.28 Intra- versus inter-individual variance components of KO pathway abundances.
Each point represents a KO pathway, with its position determined by its inter-individual
variance (x-axis) and intra-individual variance (y-axis). The intraclass correlation coefficient
(ICC), defined as the ratio of inter-individual variance to total variance (ICC = inter-individual
variance / [inter-individual variance + intra-individual variance]), quantifies the proportion
of total variance attributable to between-individual differences. The dashed line indicates
where intra-individual equals inter-individual variance (ICC = 0.5), with points below the line
having ICC > 0.5 (predominant inter-individual variation) and points above having ICC < 0.5
(predominant intra-individual variation). Points are coloured by weighted Shannon Diversity
Index of samples containing each pathway.

Analysis of variance components revealed most KO pathways had low variability (both inter-
and intra-individual variance < 2.0 x 10-2). A subset of pathways showed higher variance, with
some exhibiting predominantly intra-individual variation and others showing greater inter-
individual variation (Figure 4.28; Table 4.4). These high variance pathways had maintained
Shannon diversity values similar to low variance pathways. The variance distribution indicates
that while most functional pathways remain stable, specific pathways show distinct patterns of

temporal or inter-individual variation.

Having established these overall patterns of compositional and functional diversity changes,
we next investigated which specific taxa contributed to the observed temporal dynamics. While
diversity analyses revealed broad patterns of stability and variation in both taxonomic structure
and functional potential, examining individual taxonomic shifts is crucial for understanding
which community members drive these temporal changes and may contribute to functional

variations.
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4.6.2. Taxonomic composition analysis

To characterize the temporal dynamics of gut microbiome composition, analysis of the
distribution and stability of bacterial taxa across taxonomic levels was performed, beginning
with phylum-level patterns. This analysis focused on comparing bacterial communities
between cross-sectional and longitudinal timepoints, considering both collection time group

trends and subject-specific variations (Supplementary Data S4.12).

Phyla abundance by collection time
Showing phyla with >0.1% abundance in at least one sample
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Figure 4.29 Distribution of bacterial phyla relative abundance across collection times. Box plots
show the relative abundance of bacterial phyla present at > 0.1% in at least one sample,
comparing cross-sectional and longitudinal collection times. Asterisks indicate significant
differences between timepoints (Wilcoxon test with FDR correction: * p < 5.0 x 10-3).

Eight bacterial phyla were present at > 0.1% relative abundance in at least one sample.
Bacteroidota and Firmicutes dominated both cross-sectional and longitudinal samples
(median abundances ~0.6 and ~0.2 respectively), while Actinobacteriota, Verrucomicrobiota,
and Proteobacteria showed lower abundances (median < 5.0 x 10-2). The remaining phyla had
minimal representation (Figure 4.29). Abundance patterns were largely consistent between
timepoints, though Cyanobacteria showed significant temporal variation (FDR-adjusted p <
5.0 x 102).
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Figure 4.30 Subject-specific mean relative abundance of bacterial phyla across collection times.
Faceted bar plots display the mean relative abundance of phyla (> 0.1%) for each subject (n =
22), comparing cross-sectional (red) and longitudinal (blue) timepoints.

Subject-level analysis revealed considerable inter-individual variation in phyla abundance and
temporal dynamics (Figure 4.30). While some subjects maintained relatively stable phyla
proportions between timepoints, others showed marked changes, particularly in the dominant
Bacteroidota and Firmicutes phyla. This variability was evident across all 22 subjects with no

consistent pattern of increase or decrease for any particular phylum.
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Figure 4.31 Distribution of the 14 most abundant bacterial classes across collection timepoints.
Boxplots showing relative abundances in cross-sectional and longitudinal samples. Asterisks
indicate significance levels from Wilcoxon tests (*p < 5.0 x 102, unadjusted p-values).

At the class level the gut microbiome was predominantly composed of Bacteroidia and
Clostridia. Bacteroidia showed the highest relative abundance (~60% median abundance),
followed by Clostridia (~25% median abundance). Several other classes were consistently
present at lower abundances, including Actinobacteria, Bacilli and Negativicutes, each
typically representing 1 — 5% of the community (Figure 4.31). Statistical comparison between
timepoints revealed significant differences (unadjusted p < 5.0 x 102) in the relative
abundances of two classes: Vampirivibrionia and Coriobacteriia. However, these differences

did not remain significant after FDR correction for multiple comparisons.
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Figure 4.32 Class-level bacterial abundance changes by subject. Faceted bar plots display the
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mean relative abundance of the most abundant classes for each subject (n = 22), comparing
cross-sectional (red) and longitudinal (blue) timepoints. Numbers at the top of each facet plot

indicate the sample identification number.
subjects, their relative proportions and temporal stability varied considerably between

compositions. While the dominance of Bacteroidia and Clostridia was consistent across most
individuals (Figure 4.32).

Subject-level analysis demonstrated substantial inter-individual variability in class-level
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Figure 4.33 Distribution of the 14 most abundant bacterial orders across collection timepoints.
Boxplots showing relative abundances in cross-sectional and longitudinal samples. Asterisks
indicate significance levels from Wilcoxon tests (*p<0.05, unadjusted p-values).

At the order level, Bacteroidales remained the dominant group (60% median relative
abundance), followed by Oscillospirales and Lachnospirales (approximately 5 — 20%). The
next most prevalent orders included Bifidobacteriales and Victivallales, which were
consistently present but at lower abundances (1-10%) (Figure 4.33). Statistical comparison
between timepoints identified significant differences (unadjusted p < 5.0 x 10-2) in the relative
abundances of Gastranaerophilales and Coriobacteriales. Examining the subject-level plots
(Figure 4.34), these differences appear to be driven by specific individuals in cross-sectional

samples.
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Order abundance changes by subject
Comparing cross-sectional vs longitudinal samples for most abundant taxa
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Figure 4.34 Order-level bacterial abundance changes by subject. Faceted bar plots display the
mean relative abundance of the most abundant orders for each subject (n=22), comparing cross-
sectional (red) and longitudinal (blue) timepoints.

For Gastranaerophilales, subjects 1, 235, 305 and 404 showed notably higher abundances;
and for Coriobacteriales, subjects 1, 30 and 347 showed a similar pattern (Figure 4.34).
However, as with the class level, these differences did not remain significant after FDR
correction for multiple comparisons. Furthermore, the subject-specific analysis continued to
While

Bacteroidales consistently dominated across most subjects, its relative abundance and

demonstrate substantial inter-individual variability in community composition.
temporal stability varied considerably between individuals. ranging from highly stable (e.g.

subjects 322, 276) to showing marked temporal changes (e.g. subjects 305, 347).

At the family level (Supplementary Figures S4.15 — 16), Bacteroidaceae emerged as the
predominant family (up to 55% relative abundance) followed by Lachnospiraceae and
Ruminococcaceae up to ~25%). This distribution suggests a Bacteroides-dominated
enterotype pattern typical of urbanized populations. While individual subjects showed varying
patterns of family-level composition and temporal dynamics, no significant differences were

detected between cross-sectional and longitudinal timepoints. The high inter-individual
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variability observed at higher taxonomic levels was maintained, with subjects displaying

distinct patterns of family-level community composition and stability over time.

At the genus level, we identified four taxa showing significant differences between timepoints
(unadjusted p < 5.0 x 10-2): Blautia, Gastranaerophilales, Sutterella and Butyricimonas (Figure
4.35). Linear discriminant analysis effect size (LEfSe) analysis supported these findings with
Blautia showing the strongest effect size (LDA score >4.4) and enrichment in longitudinal

samples (Figure 4.36).
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Figure 4.35 Genus-level bacterial differences between timepoints. Boxplots showing relative
abundances of significantly different genera between cross-sectional and longitudinal samples
(Wilcoxon test, p<0.05, unadjusted). Asterisks indicate significance levels.

Notably, Gastranaerophilales, which falls under the phylum Cyanobacteria (the only phylum
showing significant changes after FDR correction), demonstrated marked differential
abundance between timepoints (LDA score ~4.1). The remaining genera showed moderate
effect sizes (LDA score < 3.9) (Figure 4.36).
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Genus LEfSe Analysis by Collection Time
Comparing cross—sectional vs longitudinal samples

g__Blautia g .

g__Gastranaerophilales 1

-log10(pvalue)
® 5
@® s
Q®

g__Sutterella

Enriched group
cross—sectional

® Jlongitudinal
f__Ruminococcaceae_g__Unclassified 1

g__Butyricimonas 1

3.6 3.9 42 45
LDA score (log10)

Figure 4.36 LEfSe analysis results displaying differentially abundant genera between
timepoints. Point size indicates statistical significance (-log10(p-value)), and position shows
effect size (LDA score). Colours indicate the enriched timepoint for each genus.

Subject-level analysis revealed that these genus-level differences were driven by distinct
patterns in specific individuals (Figure 4.37). For example, subjects 1, 144, 196, 199 and 289
showed markedly higher Blautia abundance in longitudinal samples, while subject 270
exhibited the opposite pattern. Butyricimonas changes were most prominent in subjects 270
and 30. This high inter-individual variability in temporal dynamics suggests subject-specific

variability at the genus level.
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Genus abundance changes by subject

Comparing cross-sectional vs longitudinal samples for significantly different taxa
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Figure 4.37 Genus abundance changes by subject. Faceted bar plots display the mean relative
abundance of significantly different genera for each subject (n=22), comparing cross-sectional

(red) and longitudinal (blue) timepoints.

At the species level, only Bacteroides thetaiotaomicron showed significant differences
between timepoints (unadjusted p < 5.0 x 10-?). LEfSe analysis revealed additional species-
level patterns, with unclassified Blautia species showing the strongest effect size (LDA score

> 4.4) and enrichment in longitudinal samples. B. thetaiotaomicron demonstrated moderate

effect size (LDA score ~3.6) with enrichment in cross-sectional samples (Figure 4.38).
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Species LEfSe Analysis by Collection Time
Comparing cross—sectional vs longitudinal samples
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Figure 4.38 LEfSe analysis results displaying differentially abundant species between
timepoints. Point size indicates statistical significance (-log10(p-value)), and position shows
effect size (LDA score). Colours indicate the enriched timepoint for each species.

Subject-level analysis showed that B. thetaiotaomicron presence and abundance was
primarily driven by a subset of individuals, with subjects 788, 199, 276 and 289 highlighting
this in cross-sectional samples (Figure 4.39). This pattern of subject-specific variation at the

species level further emphasizes the trend of inter-individual variability in temporal dynamics.
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Species abundance changes by subject
Comparing cross-sectional vs longitudinal samples for significantly different taxa
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Figure 4.39 Species abundance changes by subject. Faceted bar plots display the mean relative
abundance of significantly different species for each subject (n=22), comparing cross-sectional
(red) and longitudinal (blue) timepoints.

While these taxonomic analyses revealed significant temporal patterns and highlighted
substantial inter-individual variability, they do not fully address the stability of the core gut
microbiome across timepoints. To better understand which bacterial taxa constitute the stable
core microbiome in our cohort and how this core community might differ between cross-

sectional and longitudinal samples, we next performed a detailed core microbiome analysis.

4.6.3. Core microbiome analysis

i. Taxonomic analysis

To identify the consistent microbial signatures in the longitudinal subset of the SAN population,
a core microbiome analysis framework incorporating both prevalence and abundance criteria
across all taxonomic levels was implemented. Variable and core taxa were defined using two
prevalence thresholds: a moderate threshold of 80% and a stringent threshold of 95%
presence across all samples (Falony et al., 2016), while maintaining a minimum mean relative
abundance of 0.1% to exclude rare taxa. This dual-threshold approach allows us to distinguish

between widely distributed taxa (i.e. variable taxa present in most individuals) and highly
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conserved taxa (i.e. core taxa present in nearly all individuals). We further characterized the

temporal stability of identified taxa by quantifying their abundance fluctuations between

timepoints, with a log2 fold change threshold of +1 distinguishing stable from variable

community members.
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Figure 4.40 Distribution of core taxa across taxonomic levels identified using two
prevalence thresholds. Bars show the number of core taxa at each taxonomic rank
that meet the prevalence criteria of 80% (pink) and 95% (blue) while maintaining a
minimum mean relative abundance of 0.1%.

The analysis revealed distinct patterns in the distribution and abundance of core taxa across
taxonomic levels (Figure 4.40). At the moderate prevalence threshold (80%), core taxa were
identified across all taxonomic ranks with the highest number observed at the order level (3
taxa), followed by phylum and class levels (2 taxa each) and family level (2 taxa). Fewer core
taxa were identified at the genus and species levels (1 taxon each). When applying the more
stringent prevalence threshold of 95%, the number of core taxa decreased substantially, with

only the phylum and species levels retaining core taxa (1 each).
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Figure 4.41 Mean relative abundance versus prevalence of core taxa across taxonomic levels.
Points represent individual taxa coloured by taxonomic level, with circles indicating the 80%
prevalence threshold and triangles indicating the 95% prevalence threshold.

The abundance-prevalence relationship (Figure 4.41) revealed that the most abundant core
taxa were identified at the species and phylum levels, with mean relative abundances reaching
approximately 0.5. This distribution pattern suggests that while core community membership
is more conserved at broader taxonomic levels, the most abundant individual taxa can be
found across the taxonomic hierarchy. Notably, taxa meeting the 95% prevalence threshold
showed relatively high mean relative abundances, indicating that the most consistently

present community members also tend to be among the most abundant.
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Figure 4.42 Taxonomic composition of core microbiome members at different prevalence
thresholds. Left panel shows taxa meeting the 80% prevalence threshold, while right panel
shows taxa meeting the more stringent 95% threshold. Colours indicate different taxonomic
groups, with prefixes corresponding to taxonomic levels.

A detailed examination of the taxonomic composition across prevalence thresholds (Figure
4.42) further clarified the core microbiome structure. At the 80% threshold, two phyla emerged
as core taxa: Bacteroidota and Firmicutes. Within Bacteroidota, core members included class
Bacteroidia, order Bacteroidales, family Bacteroidaceae, and genus Bacteroides. Within
Firmicutes, the class Clostridia, orders Lachnospirales and Oscillospirales, and family
Lachnospiraceae were identified as core taxa. At the species level, a category labelled
“unclassified species” was identified, representing an aggregate of sequences that could not
be assigned clear species-level taxonomy rather than a distinct microbial species.
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Figure 4.43 Relationship between prevalence and mean relative abundance of core taxa at
different taxonomic levels. Data points are coloured by taxonomic classification, with separate
panels showing taxa meeting 80% and 95% prevalence thresholds. The x-axis represents mean
relative abundance, and the y-axis shows the prevalence of each taxon.

The abundance-prevalence relationships revealed interesting patterns across taxonomic
levels (Figure 4.43). At both prevalence thresholds, the Firmicutes phylum and the aggregated
“unclassified species” demonstrated the highest prevalence (100%), with the latter group also
showing the highest mean abundance (~0.5). This high prevalence and abundance of
unclassified sequences reflects the cumulative contribution of multiple taxa without species-
level identification rather than a single abundant taxon. The Bacteroides genus and
Lachnospiraceae family showed the lowest prevalence (~82%) among visible core taxa, with
the latter maintaining relatively lower abundance (0.1). The Clostridia class showed
intermediate prevalence (93%), with mean relative abundance approximately 0.25. Two
additional core taxa (Bacteroidia class and Lachnospirales order) were not visible in the plot

due to mean relative abundances below 0.1.
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Figure 4.44 Proportion of stable and variable taxa across taxonomic levels. The stacked
bar plot shows the relative proportion of stable (95% prevalence, pink) versus variable
(80% prevalence, blue) taxa at each taxonomic rank from phylum to species level.

Analysis of taxonomic stability specifically within identified core taxa across hierarchical levels
(Figure 4.44) revealed a clear trend. At higher taxonomic ranks (phylum and class),
approximately 20% of core taxa were classified as variable, whereas this proportion
progressively decreased at finer taxonomic ranks (order and family: ~13%; genus: ~8%;
species: ~5%). Conversely, the proportion of stable core taxa increased from roughly 80% at
higher ranks to around 95% at the species level. This hierarchical stability pattern aligns with
ecological expectations, as broader taxonomic levels may aggregate multiple taxa with
different ecological behaviours, resulting in greater apparent variability. At finer resolutions
(species level), taxa represent narrower ecological niches, thus exhibiting greater temporal
stability.

The temporal analysis of gut microbiota across n = 22 subjects revealed distinct patterns of
microbial stability between baseline and follow-up samples (Supplementary Data S4.12I).
Analysis across taxonomic ranks showed increasing variability from higher to lower taxonomic
levels, with species-level classifications demonstrating the most dynamic temporal patterns
(Figure 4.92). At the species level, several abundant gut microbes showed notably different
temporal behaviours across individuals. Bacteroides dorei exhibited the most striking variation

with log2 fold changes ranging from -10 to +10 across different subjects. Other species
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including Bifidobacterium pseudocatenulatum, B. adolescentis and Akkermansia muciniphila

also showed substantial subject-specific temporal variation.
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Figure 4.45 Volcano plot depicting individual-level temporal dynamics of microbial taxa between
baseline and follow-up samples (n = 22 subjects). Each point represents a single taxon in a
single subject, with mean abundance (y-axis) versus log2 fold change (x-axis). Points are
coloured by temporal stability classification (pink: stable, log2 fold change < 1; blue: variable
log2 fold change > 1). Labels indicate species with mean abundance >0.1 and |log2FC| > 1.
Multiple occurrences of the same species (e.g. Bacteroides dorei) reflect different temporal
behaviours across individuals, demonstrating subject-specific dynamics. The plot reveals both
consistent patterns (clustering of stable taxa near centre) and extreme variation (taxa showing
>10-fold changes in some individuals).

The relationship between abundance and temporal stability showed that while most variable
taxa had mean abundances below 0.25, some highly abundant species (mean abundance >
0.5) also displayed significant temporal fluctuations (Figure 4.45). Multiple unclassified taxa
across different abundance levels showed significant temporal variation, with fold changes
comparable to those of well-characterized species. The same species often showed different
temporal patterns across individuals, with some subjects showing strong positive fold changes
while others showed negative fold changes for the same organism. These contrasting patterns
were particularly evident among the Bacteroides and Bifidobacterium genera, where individual

species demonstrated both stability and variability depending on the subject.
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ii. Functional analysis

Building upon the taxonomic temporal patterns observed, investigations on whether similar
dynamics were present at the functional level by examining KEGG Ortholog (KO) annotations
were performed. This analysis aimed to determine if the observed species-level variations
translated to functional changes, testing the hypothesis of potential functional redundancy in
the gut microbiome. These parallelled approaches to the taxonomic analysis, first identifying
core functions at different prevalence thresholds (80% and 95%), then examining their
temporal stability. This functional assessment provides insight into whether the considerable
temporal variation observed in taxonomic composition is reflected in, or buffered at, the

functional level.

To refine the functional analysis approach, the distribution of KO abundances and fold
changes across all 128,546 function-subject pairs were examined first. The data revealed a
highly skewed abundance distribution with a median of 1.3 x 10® and mean of 1.7 x 104,
suggesting most functions occur at very low abundances. The maximum abundance observed
was 8.3 x 103, providing a reference point for defining "high-abundance" functions. Fold
changes ranged from -6.7 to 7.2 with a median near zero and mean of 8.0 x 103 indicating

that most functions remain relatively stable over time (Supplementary Data S4.13C).
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Figure 4.46 Distribution of core KO functions by prevalence and abundance. Each point
represents a unique KO function, with mean relative abundance (x-axis) versus prevalence (y-
axis) across subjects. Points are coloured by prevalence threshold (pink: 80%; blue: 95%).
Functions present in higher proportions of subjects (95%) generally show higher mean
abundances.
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Stringent thresholds set to > 0.1% mean abundance (1.0 x 10-3) and log2 fold change (log2FC)
> 4 set focus on the most dramatically varying functions. These refined criteria identified key
functions showing substantial temporal dynamics, providing a focused set of KOs for detailed
investigation. Analysis of functional stability across each individual revealed distinct patterns
between core and variable KO functions (Figure 4.46). At the 95% prevalence threshold, n =
105,044 (~82%) KO functions were identified as core (stable) components, while n = 23,502
(~18%) functions met the 80% (variable) threshold (Supplementary Data S4.13C).
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Figure 4.47 Volcano plot of KO functional temporal dynamics. Mean abundance versus Log2
fold change (log2FC) between baseline and follow-up samples for all KO functions. Points are
coloured by temporal stability classification (pink: stable log2FC < 4; blue: variable log2FC >
4). Labelled points indicate highly abundant (> 0.1%) and highly variable functions (log2FC > 4).

Core functions at both thresholds showed a positive correlation between prevalence and mean
abundance (Figure 4.46), with higher-prevalence functions typically maintaining higher
abundances. To identify the most relevant stable functions from the stable KO functions
meeting, increasingly stringent filtering criteria to include only KO functions with mean
abundance = 0.5% and minimal temporal variation (log2FC between * 1.0 x 10-?), resulted in
n = 3 highly stable pathways (K02004; K01990; K06147). This extremely narrow log2FC range
indicates remarkable temporal consistency, with abundance variations of less than 1%
(~0.7%) between timepoints, suggesting these functions represent fundamental metabolic

processes that were tightly regulated and essentially invariant over time in the gut microbiome.
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All three core functions belong to the ATP-binding cassette (ABC) transporter family. K02004
(“putative ABC transport system permease protein”) exhibited temporal stability (log2FC =
1.7x10-3) with a relative abundance of 0.6%. K071990 (“ABC-2 type transport system ATP-
binding protein”) demonstrated exceptional temporal consistency (log2FC = 7.9x10-3) with a
mean abundance of 0.5%. K06147 (“ATP-binding cassette, subfamily B, bacterial’) was the
most stable core function (log2FC = 3.1%10-4), maintaining a consistent mean abundance of
0.5%. The predominance of ABC transporters among the most stable core functions reflects
the fundamental importance of nutrient acquisition and molecular transport systems in the gut

microbiome.

Temporal stability analysis identified nine KO functions exhibiting both high abundance (>
0.1%) and substantial temporal variation (log2FC > 4) (Figure 4.47). These functions spanned

diverse metabolic processes, highlighted in Table 4.4.

Table 4.4 High-abundance KO functions exhibiting substantial temporal variation

KO ID Function description Enzyme Primary metabolic role
classification
K01223 6-phospho-beta- EC:3.2.1.86 Glycolysis / Gluconeogenesis; Starch and sucrose
glucosidase (bglA) metabolism
K02760 Cellobiose PTS system EC:2.7.1.196 Starch and sucrose metabolism;
EIIB component (celA. 2.7.1.205 Phosphotransferase system (PTS)
chbB)
K02761 Cellobiose PTS system - Starch and sucrose metabolism;
EIIC component (celB. Phosphotransferase system (PTS)
chbC)
K12373 Hexosaminidase EC:3.2.1.52 Other glycan degradation; Various types of N-
(HEXA_B) glycan biosynthesis; Amino sugar and nucleotide

sugar metabolism; Glycosaminoglycan
degradation; Sphingolipid metabolism;
Glycosphingolipid biosynthesis - globo and
isoglobo series; Glycosphingolipid biosynthesis -
ganglio series; Metabolic pathways; Lysosome

K03606 Putative colanic acid - Exopolysaccharide biosynthesis; Biofilm formation -
biosynthesis UDP-glucose Vibrio cholerae
lipid carrier transferase
(wcad)

K15532 Unsaturated EC:3.2.1.172 Unclassified: metabolism; Enzymes with EC
rhamnogalacturonyl numbers; Hydrolases - Glycosylases
hydrolase (yteR. yesR)

K18197 Rhamnogalacturonan EC:4.2.2.23 Unclassified: metabolism; Enzymes with EC
endolyase (yesW) numbers; Lyases - Carbon-oxygen lyases

K07075 Uncharacterized protein - Poorly characterized; Function unknown

K05499 Lacl family transcriptional - Transcription factors; Prokaryotic type; Helix-turn-
regulator. repressor for deo helix; Lacl family

operon (cytR)

Functional characterization of the identified KOs (Table 4.4) revealed three primary
categories: transport/metabolism (44%), cell surface modification (22%), and regulatory
functions (11%). Key components included ‘“‘rhamnogalacturonyl hydrolase” and

“‘hexosaminidase” operating within transport networks, “cytR” regulator controlling nucleoside
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metabolism, and “wcaJ” involved in biofilm formation. The remaining 11% comprised

uncharacterized proteins, suggesting potential novel metabolic functions.

This longitudinal analysis revealed contrasting stability patterns: dynamic taxonomic
composition with only two universal core taxa at 95% prevalence, yet functionally stable
profiles with 82% of KO functions maintained. The nine highly variable, abundant functions
primarily involved carbohydrate metabolism and transport systems, suggesting functional
redundancy despite taxonomic volatility. The snapshot of these baseline dynamics in an urban
professional South African population provide context for comparative analyses with urban-
rural African and Western populations, with the potential to elucidate urbanization's impact on

microbiome composition.

4.7. Comparative analysis with other cohort populations

To contextualize the findings within the broader human gut microbiome landscape, the urban
professional South African population (SAN) was compared with two distinct populations: the
American Gut Project (AGP) and the AWIGEN1 (AWI) Microbiome study. These cohorts
represent industrialized Western and urban-rural African populations respectively, offering
complementary reference points for potentially revealing how urbanization influences gut
microbiome composition and function. The comparative analysis utilized complementary
approaches, beginning with recovery and analysis of metagenome-assembled genomes
(MAGs) across all cohorts, followed by integration of data from different sequencing platforms
— 16S rRNA long-read sequencing for the SAN population and shotgun metagenomic
sequencing for AGP and AWI cohorts. This tiered approach allowed for direct genome-level
comparisons while maximizing the statistical power of the larger 16S dataset. The MAG
analysis revealed distinct taxonomic signatures across cohorts, with the SAN population
demonstrating a notably higher proportion of Actinomycetota (~15%) compared to AGP and
AWI cohorts (<5%), while maintaining comparable genome quality metrics across populations.
Species-level analysis showed the strongest cohort-specific associations (Cramer's V =
0.619), suggesting finer taxonomic resolution reveals more population-specific patterns than

broader classifications.

While methodological differences between platforms may influence some observations, the
analytical approach was guided by several practical considerations. First, the substantially
larger sample size of the SAN 16S long-read dataset (n = 221) compared to the shotgun
metagenomics subset (n = 49) provided greater statistical power to detect biologically relevant
patterns. Second, the application of PacBio full-length 16S sequencing represented a primary
focus of the study design, allowing more comprehensive taxonomic resolution than traditional

short-read 16S approaches.
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Cross-platform comparisons examining community diversity, taxonomic composition, genome
novelty and functional capabilities were performed (Supplementary Data S4.14-18). The
comparative findings were carefully interpreted in light of these methodological differences,
particularly where they involved low-abundance taxa or functional predictions, which previous
concordance analysis identified as areas where shotgun metagenomics demonstrates higher
sensitivity. Despite these limitations, this systematic comparison provided valuable insights
into how the SAN population gut microbiome relates to both Western and other South African

cohorts, while maintaining appropriate caution regarding technology-driven differences.

4.7.1. MAG quality and novelty analysis

i. Quality analysis

Analysis of n = 887 medium to high-quality bacterial genomes across the populations revealed
distinctive genomic features and potentially novel lineages specific to the SAN population. The
following sections examine the quality distribution of these MAGs across cohorts, their
taxonomic classifications, and highlight key genomic elements unique to each population.
From the shotgun metagenomic data, n = 881 MAGs meeting quality thresholds across the
three cohorts were recovered. The AWI cohort yielded the highest number of MAGs (n = 535),
followed by SAN (n = 258) and AGP (n = 88). Each cohort showed similar proportions of high-
quality (= 90% completeness, < 5% contamination) and medium-quality (= 50% completeness,
< 10% contamination) MAGs (Figure 4.48).

MAG quality distribution across cohorts

AGP AWI SAN
0, 0,
;8:'94/;) (?:'14/;) 52% 48% 54.3%  457%
(n=278) (n=257) (n=140) (= 11g)
Quality High quality Medium quality

Figure 4.48 Distribution of metagenome-assembled genome (MAG) quality across three human
gut microbiome cohorts (AGP, AWI, and SAN). MAGs were classified as high-quality (2 90%
completeness, < 5% contamination) or medium-quality (2 50% completeness, < 10%
contamination) based on CheckM quality metrics. Values shown represent the percentage and
absolute count (n) of MAGs in each quality category per cohort.
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The proportion of high-quality MAGs remained relatively consistent across all three cohorts,
ranging from 45.7% to 51.1%, despite substantial differences in cohort sizes. AWI contributed
the largest number of MAGs (n = 535), followed by SAN (n = 258) and AGP (n = 88). The
comparable quality distributions across cohorts, confirmed by statistical testing (Fisher's exact
test p-value > 5.0 x 10?), suggest that methodological biases were minimal and that

downstream comparative analyses could be continued with confidence (Table 4.5).

Table 4.5 Statistical comparison of MAG quality distributions between cohorts.

Statistical test p-value
Overall tests
Quality distribution across cohorts 0.7
(Fisher’s)
Proportion of high vs medium quality 0.7

MAGs across cohorts
Pairwise cohort comparisons

AGP vs AWI 0.7
AGP vs SAN 0.5
AWI vs SAN 0.6

ii. Taxonomic analysis

Taxonomic analysis of the MAGs revealed n = 12 distinct phyla across the cohorts (Figure
4.49). The most abundant phyla were Bacillota_ A, Bacteroidota, Actinomycetota and
Pseudomonadota, collectively representing over 80% of MAGs in each cohort. The SAN
population showed a notably higher proportion of Actinomycetota (~15%) compared to AGP
and AWI cohorts (< 5%).
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Taxonomic distribution at Phylum level
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Figure 4.49 Taxonomic composition at phylum level for metagenome-assembled genomes
(MAGsSs) recovered from three human gut microbiome cohorts — American Gut Project (AGP),
AWIGEN1 (AWI) and the urban professional South African population (SAN). Classification was
performed using Genome Taxonomy Database-Toolkit (GTDB-Tk) taxonomy assignments based
on placement in the GTD reference tree.

At the genus level, n = 176 unique genera with n = 31 genera present at > 1% relative
abundance in at least one cohort (Figure 4.50) were identified. Several uncharacterized
genera particularly within the Bacillota_A phylum were prevalent across all cohorts. The most
abundant genera included Bacteroides, Faecalibacterium, Alistipes, and members of
Ruminococcus, collectively dominating the microbiome profiles. Notable differences were
observed between cohorts, with the SAN population showing higher proportions of
Bifidobacterium compared to AGP and AWI cohorts.
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Taxonomic distribution at Genus level
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Figure 4.50 Taxonomic composition at genus level for metagenome-assembled genomes
(MAGs) recovered from three human gut microbiome cohorts (AGP, AWI, and SAN). Only genera
representing > 1% relative abundance in at least one cohort are shown individually, while those
< 1% are grouped as "Other" (grey). Uncharacterized genera are designated by their higher
taxonomic classification (indicated with “Phylum”). All classifications were performed using

GTDB-Tk taxonomy assignments based on placement in the GTD reference tree.

Taxonomic analysis across different classification levels revealed distinct microbial community
structures among the three cohorts, as visualized in the stacked bar plots (Figure 4.51) and
supported by statistical analysis (Fisher's exact test, p < 1 x 10-#). The increasing Cramer's V
values from phylum (0.290) to species (0.619) level indicated stronger cohort-specific

associations at finer taxonomic resolutions (Table 4.6).

While the stacked bar visualizations provide a comprehensive overview of taxonomic
distributions, the accompanying ranked table format offered precise quantification of the top 5
taxa at each level, enabling clearer interpretation of the complex microbial communities.
Looking at the hierarchical relationships through the taxonomic levels, several key patterns
emerged: The phylum-level dominance of Bacteroidota in AGP (43.2%) cascaded through
class Bacteroidia and order Bacteroidales, maintaining similar proportions. Similarly, the
Bacillota_A predominance in AWI and SAN (57.8% and 53.1%) flowed through to Clostridia
at class level, followed by Oscillospirales becoming the dominant order (30.7% and 27.1%

respectively).
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The class-to-order transition revealed interesting shifts, particularly in the AWI cohort where
Clostridia (57.8%) diversified into multiple orders, with Oscillospirales (30.7%) and
Lachnospirales (10.5%) being most prominent. The family level introduced greater complexity,
with Bacteroidaceae, Bacillota_A-affiliated families, and Lachnospiraceae showing varying
distributions across cohorts. A notable feature in the SAN population was the consistent
presence of Actinomycetota-related taxa across levels, from phylum (10.1%) through class
Actinomycetia (4.7%) to genus Bifidobacterium (4.7%), suggesting a stable and cohort-

specific microbial signature.

Top 5 taxa distribution across taxonomic levels and cohorts
AWI SAN
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Figure 4.51 Distribution of the five most abundant taxa at each taxonomic level (phylum to
species) across three human gut microbiome cohorts (AGP, AWI, and SAN). The relative
abundance of each taxon is shown as a percentage of the total MAGs within each cohort.
Uncharacterized genera with alphanumeric identifiers are grouped under their respective phyla.
Classification was performed using GTDB-Tk taxonomy assignments based on placement in the
Genome Taxonomy Database reference tree.

In addition, the table reveals a substantial proportion of “unclassified” species particularly in
the SAN population (ranked 3rd at 5%), suggesting potential novel taxa, while specific strains
like Succinivibrio sp000431835 (3%) and Cryptobacteroides sp000433355 (2.1%) were
identified as key members in the AWI cohort. After examining the taxonomic distribution
patterns across cohorts, we next investigated the novelty of the recovered MAGs by assessing
their similarity to known reference genomes, providing insight into potentially undescribed taxa

within these communities.
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Table 4.6 Top 5 taxa distribution across taxonomic

cohorts.

Top 5 taxa distribution across cohorts

Rank AGP (n, %)

AWI (n, %)

Phylum (p-value = <1e-04, Cramer's V (effect size) = 0.290)

ranks in three human gut microbiome

SAN (n, %)

1

2

3

4

5

Bacteroidota (38, 43.2%)
Bacillota_A (33, 37.5%)
Pseudomonadota (11, 12.5%)
Cyanobacteriota (3, 3.4%)

Bacillota (2, 2.3%)

Bacillota_A (309, 57.8%)
Bacteroidota (115, 21.5%)
Pseudomonadota (42, 7.9%)
Verrucomicrobiota (17, 3.2%)

Cyanobacteriota (12, 2.2%)

Class (p-value = <1e-04, Cramer's V (effect size) = 0.364)

Bacillota_A (137, 53.1%)
Bacteroidota (57, 22.1%)
Actinomycetota (26, 10.1%)
Bacillota (11, 4.3%)

Verrucomicrobiota (10, 3.9%)

1

2

3

4

5

Bacteroidia (38, 43.2%)
Clostridia (33, 37.5%)
Alphaproteobacteria (8, 9.1%)
Gammaproteobacteria (3, 3.4%)

Vampirovibrionia (3, 3.4%)

Clostridia (309, 57.8%)
Bacteroidia (115, 21.5%)
Gammaproteobacteria (38, 7.1%)
Vampirovibrionia (12, 2.2%)

Verrucomicrobiae (12, 2.2%)

Order (p-value = <1e-04, Cramer's V (effect size) = 0.327)

Clostridia (137, 53.1%)
Bacteroidia (57, 22.1%)
Coriobacteriia (14, 5.4%)
Actinomycetia (12, 4.7%)

Bacilli (11, 4.3%)

1

2

3

4

5

Bacteroidales (38, 43.2%)
Oscillospirales (15, 17%)
Christensenellales (10, 11.4%)
Pseudomonadota (Phylum) (8, 9.1%)

Lachnospirales (6, 6.8%)

Oscillospirales (164, 30.7%)
Bacteroidales (115, 21.5%)
Christensenellales (82, 15.3%)
Lachnospirales (56, 10.5%)

Enterobacterales_A (17, 3.2%)

Family (p-value = <1e-04, Cramer's V (effect size) = 0.540)

Oscillospirales (70, 27.1%)
Bacteroidales (57, 22.1%)
Lachnospirales (46, 17.8%)
Christensenellales (17, 6.6%)

Coriobacteriales (14, 5.4%)

1

2

3

4

5

Bacteroidaceae (19, 21.6%)
Bacillota_A (Phylum) (14, 15.9%)
Rikenellaceae (14, 15.9%)
Pseudomonadota (Phylum) (8, 9.1%)

Lachnospiraceae (6, 6.8%)

Bacillota_A (Phylum) (92, 17.2%)
Acutalibacteraceae (69, 12.9%)
Bacteroidaceae (60, 11.2%)
Lachnospiraceae (55, 10.3%)

Oscillospiraceae (37, 6.9%)

Genus (p-value = <1e-04, Cramer's V (effect size) = 0.596)

Lachnospiraceae (46, 17.8%)
Ruminococcaceae (36, 14%)
Bacteroidaceae (26, 10.1%)
Acutalibacteraceae (23, 8.9%)

Rikenellaceae (23, 8.9%)

1

2

3

4

5

Bacillota_A (Phylum) (18, 20.5%)
Alistipes (14, 15.9%)

Prevotella (9, 10.2%)
Pseudomonadota (Phylum) (7, 8%)

Bacteroides (4, 4.5%)

Bacillota_A (Phylum) (178, 33.3%)
Prevotella (37, 6.9%)
Cryptobacteroides (24, 4.5%)
Agathobacter (16, 3%)

Succinivibrio (16, 3%)

Species (p-value = <1e-04, Cramer's V (effect size) = 0.619)

Bacillota_A (Phylum) (33, 12.8%)
Alistipes (20, 7.8%)
Agathobacter (14, 5.4%)
Ruminococcus_E (14, 5.4%)

Bifidobacterium (12, 4.7%)

1

2

Bacillota_A (Phylum) (17, 19.3%)
Alistipes putredinis (9, 10.2%)
Pseudomonadota (Phylum) (6, 6.8%)
Prevotella copri (4, 4.5%)

Alistipes onderdonkii (3, 3.4%)

Bacillota_A (Phylum) (177, 33.1%)
Succinivibrio sp000431835 (16, 3%)

Agathobacter rectalis (11, 2.1%)

Cryptobacteroides sp000433355 (11, 2.1%)

Fimenecus sp000432435 (10, 1.9%)
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iiii. Novelty analysis

To assess potential taxonomic novelty, comparison of the high-quality MAGs against the
GTDB reference database was performed (Supplementary S4.17). Fast Alignment-free
Sequence-based Average Nucleotide Identity (FastANI) analysis of bacterial MAGs revealed
consistently high sequence identity with known reference genomes, with all comparisons
exceeding the 95% ANI species delineation threshold (Figure 4.52A). The alignment fraction
(AF) versus sequence identity plots demonstrated robust genomic matches (AF > 0.6) across
all three cohorts (Figure 4.52B), with all cohort AGP MAGs showing alignment fractions
between 0.6 and 0.9. The distribution of FastANI values peaked between 97 — 98% sequence

identity, indicating strong concordance with previously characterized bacterial species.

Similarly, archaeal MAGs demonstrated high sequence similarity to known reference
genomes, with FastANI values ranging from 97 — 98.5% (Figure 4.53A). All archaeal MAGs
exhibited alignment fractions above 0.6 across the three cohorts (Figure 4.53B). Notably, the
archaeal representation was considerably lower than bacterial MAGs, with only five archaeal

genomes meeting the high quality thresholds.
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Figure 4.52 Novelty assessment of bacterial MAGs against GTDB reference genomes. (A)
Distribution of FastANI sequence identity values for high-quality bacterial MAGs (> 90%
completion, < 5% contamination). All comparisons exceeded the species delineation
threshold (95% ANI, vertical dashed line) with minimum alignment fraction of 0.6. (B) FastANI
alignment fraction versus sequence identity (FastANI estimate) plots across AGP, AWI, and
SAN populations. Each point represents a pairwise comparison between a query MAG and its
closest reference genome, faceted by each cohort. Horizontal and vertical dashed lines
indicate thresholds for reliable comparison (AF = 0.6) and species delineation (ANl = 95%),
respectively.

Comparison of GTDB-Tk classifications with FastANI taxonomy assignments showed
complete concordance at the species level for both bacterial and archaeal MAGs, further
supporting the robust taxonomic placement of the recovered genomes within known species.

Having established the taxonomic compositions and confirmed the identity of the MAGs
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against known reference genomes across all three cohorts, whether the functional potential
captured by shotgun metagenomics differed from that inferred from 16S long-read data was
investigated. This comparison is particularly relevant given the distinct taxonomic patterns
observed, including the higher proportion of Bacillota_A in both AWI and SAN compared to
AGP and allows us to assess whether methodological differences between sequencing

approaches impact functional predictions.
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Figure 4.53 Novelty assessment of archaeal MAGs against GTDB reference genomes. (A)
Distribution of FastANI sequence identity values for high-quality archaeal MAGs (> 90%
completion, < 5% contamination). All comparisons exceeded the species delineation threshold
(95% ANI, vertical dashed line) with minimum alignment fraction of 0.6. (B) FastANI alignment
fraction versus sequence identity (FastANIl estimate) plots across AGP, AWI, and SAN
populations. Each point represents a pairwise comparison between a query MAG and its closest
reference genome. Horizontal and vertical dashed lines indicate thresholds for reliable
comparison (AF = 0.6) and species delineation (ANI = 95%), respectively.

Page 160 of 253



4.7.2. Diversity patterns across cohorts
i. Alpha diversity

Analysis of alpha diversity using the Shannon diversity index revealed significant differences
in microbial community structure across the three cohorts at the phylum level (Figure 4.54,
Supplementary Data S4.14A — F). The SAN population, despite having the fewest unique
phyla (12), exhibited significantly lower sample-level diversity (median Shannon index = 0.6)
compared to both the AGP cohort (17 unique phyla; median = 1.1, p-value = 1.1 x 10-'?) and
the AWIGEN1 cohort (20 unique phyla; median = 1.2, p-value = 4.8 x 10-"°). While both
reference cohorts showed higher diversity and greater unique phylum counts, there was no
significant difference in diversity between AGP and AWIGEN1 cohorts (p-value > 5.0 x 10-?).
The similarity between shotgun-sequenced cohorts, despite their distinct geographical origins,
suggests that platform differences in detection sensitivity may contribute to the observed

diversity patterns.
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Figure 4.54 Shannon diversity comparison across three human gut microbiome cohorts at the
phylum level. Box plots show the distribution of sample-level Shannon diversity indices for the
American Gut Project (AGP, blue, 17 unique phyla), urban professional South African (SAN, red,
12 unique phyla), and AWIGEN1 (AWI, green, 20 unique phyla) cohorts. Each point represents
an individual sample's diversity measurement. The boxes represent the interquartile range (IQR)
with the median indicated by the horizontal line; whiskers extend to 1.5 x IQR. ****: Wilcox
pairwise test p < 1.0 x 10*; ns: not significant (p > 5.0 x 102).

At the genus level, diversity patterns showed different trends (Figure 4.55, Supplementary

Data S4.14G — L). The SAN population (165 unique genera) exhibited intermediate sample-
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level Shannon diversity (median = 1.0) with no significant differences compared to either the
AGP cohort (150 unique genera; median = 1.2, p-value = 0.9) or the AWIGEN1 cohort (173
unique genera; median = 0.9, p-value = 0.4). A marginally significant difference was observed
between AGP and AWIGEN1 cohorts (p-value = 1.2 x 10-?) with AGP showing slightly higher
genus-level diversity, despite having fewer unique genera. The similarity in distribution
patterns and narrower variance observed in both shotgun-sequenced cohorts (AGP and AWI)
compared to the wider spread in the 16S-sequenced SAN population further suggests that
sequencing platform differences may influence the diversity measurements beyond biological

variation alone.
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Figure 4.55 Shannon diversity comparison across three human gut microbiome cohorts at
the genus level. Box plots show the distribution of sample-level Shannon diversity indices
for the American Gut Project (AGP, blue, 150 unique genera), urban professional South
African (SAN, red, 165 unique genera), and AWIGEN1 (AWI, green, 173 unique genera)
cohorts. Each point represents an individual sample's diversity measurement. The boxes
represent the interquartile range (IQR) with the median indicated by the horizontal line;
whiskers extend to 1.5 x IQR. *: Wilcox pairwise test p < 5.0 x 10°%; ns: not significant (p > 5.0
x 1073).

At the species level, diversity analysis revealed distinct patterns (Figure 4.56, Supplementary
Data S4.14M — R). The SAN population, had the lowest number of unique species (163) and
showed an insignificant but higher sample-level Shannon diversity (median = 0.8), compared
to AWIGEN1 (401 unique species; median = 0.7, p-value = 0.3). Similarly, no significant
differences were observed between SAN and AGP cohorts (297 unique species: median =
1.0. p-value = 0.4). However, highly significant differences in Shannon diversity were observed
between AWIGEN1 and AGP cohorts (p > 3.6 x 103), suggesting that the richness and
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evenness of unique species in these cohorts are most pronounced when comparing Western

and rural-urban African populations.
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Figure 4.56 Shannon diversity comparison across three human gut microbiome cohorts at the
species level. Box plots show the distribution of sample-level Shannon diversity indices for
the American Gut Project (AGP, blue, 297 unique species), urban professional South African
(SAN, red, 163 unique species), and AWIGEN1 (AWI, green, 401 unique species) cohorts. Each
point represents an individual sample's diversity measurement. The boxes represent the
interquartile range (IQR) with the median indicated by the horizontal line; whiskers extend to
1.5 x IQR. **: Wilcox pairwise test p < 1.0 x 102; ns: not significant (p > 5.0 x 10-2).

ii. Beta diversity

Beta diversity analysis using log-Euclidean distances revealed distinct clustering patterns
among the three cohorts (PERMANOVA p-value = 1.0 x 10-%) (Supplementary Data S4.15,
Figure 4.57). Principal Coordinate Analysis (PCoA) explained 53.9% of the total variance in
the first two axes (PCo1: 38.3%, PCo2: 15.6%). The overlapping clustering of AGP and
AWIGEN1 cohorts, distinct from the SAN population, may be partially attributed to their shared
lllumina short-read shotgun sequencing methodology, compared to the PacBio 16S long-read

sequencing used for the SAN population.

Pairwise PERMANOVA tests (Supplementary Figure S4.18) showed significant differences
between the SAN population and both AGP and AWIGEN1 cohorts (p-value = 1.0 x 103),
while AGP and AWIGEN1 cohorts showed no significant difference in community structure (p-
value = 0.2). While these results indicate that the urban professional South African gut
microbiome composition is distinctly different from both Western (AGP) and urban-rural
African (AWIGEN1) populations at the phylum level, the previously identified bi-clustering

pattern in the SAN population (Section 4.1) provides additional context. The stratification of
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the SAN population into two distinct community clusters, differentiated primarily by
Actinobacteriota and Bacteroidota abundances and associated with specific lifestyle factors
such as COVID-19 history and cosmetics use, suggests that within-population variation in this
urban professional cohort may be driven by modern lifestyle factors rather than geographical

distinctions alone.
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Figure 4.57 Beta diversity analysis using log-Euclidean distances visualized through Principal
Coordinate Analysis (PCoA) across three human gut microbiome cohorts at the phylum level.
The plot shows sample clustering patterns for the American Gut Project (AGP, blue), urban
professional South African (SAN, red), and AWIGEN1 (AWI, green) cohorts. The first two
principal coordinates explain 53.9% of the total variance. PERMANOVA test indicates significant
differences between cohorts (p = 1.0 x 103).

Beta diversity analysis at the genus level using log-Euclidean distances demonstrated
significant separation among all three cohorts (PERMANOVA p-value = 1.0 x 10-3). The PCoA
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in Figure 4.58 explained 36% of the total variance in the first two axes (PCo1: 24.8%, PCo2:
11.1%), showing lower total variance explained compared to the phylum level analysis
(53.9%). Unlike the phylum level where AGP and AWIGEN1 showed similar community
structures, pairwise PERMANOVA tests at the genus level revealed significant differences
between all cohort pairs (all p = 1.0 x 10-3, Supplementary Figure S4.19). This suggests that
while broader taxonomic patterns may be similar between Western and urban-rural South
African populations using shotgun sequencing data, finer-scale taxonomic resolution reveals

distinct community structures among all three populations.
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Figure 4.58 Beta diversity analysis using log-Euclidean distances visualized through Principal
Coordinate Analysis (PCoA) across three human gut microbiome cohorts at the genus level. The
plot shows sample clustering patterns for the American Gut Project (AGP, blue), urban
professional South African (SAN, red), and AWIGEN1 (AWI, green) cohorts. The first two
principal coordinates explain 36% of the total variance. PERMANOVA test indicates significant
differences between all cohorts (p = 1.0 x 109).
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Beta diversity analysis at the species level showed significant separation among the three
cohorts (PERMANOVA p-value = 1.0 x 10-%). The PCoA explained 27.9% of total variance in
the first two axes (PCo1: 20.3%, PCo2: 7.6%) representing a further decrease in explained
variance compared to genus (35.9%) and phylum (53.9%) levels (Figure 4.59). Pairwise
PERMANOVA tests (Supplementary Figure S4.20, Supplementary Data S4.15F) revealed
significant differences between all cohort pairs (p-value = 1.0 x 10-3). The decreasing
proportion of variance explained at finer taxonomic resolution suggests increasing complexity
in community structure differences among AGP, SAN and AWIGEN1 populations at the

species level.
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Figure 4.59 Beta diversity analysis using log-Euclidean distances visualized through Principal
Coordinate Analysis (PCoA) across three human gut microbiome cohorts at the species level.
The plot shows sample clustering patterns for AGP (blue), SAN (red), and AWIGEN1 (green)
cohorts. The first two principal coordinates explain 27.9% of the total variance (PCo1: 20.3%,
PCo2: 7.6%). PERMANOVA test indicates significant differences between all cohorts (p = 1.0 x

10°3).
To identify the specific taxonomic drivers of these community-level differences, a

comprehensive analysis of differential abundance patterns across taxonomic ranks was
performed, with particular focus on taxa showing both statistical significance and large effect

sizes in comparisons involving the SAN population.

4.7.3. Taxonomic and differential abundance
Building on these observed differences in community structure, a systematic approach

combining taxonomic classification at phylum, genus and species levels with differential
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abundance testing was conducted. To ensure robust identification of potential biologically
meaningful differences, both Kruskal-Wallis and pairwise Wilcoxon tests with Benjamini-
Hochberg adjusted p-values were tested, focusing particularly on comparisons involving the
SAN population (Supplementary Data S4.16). Effect sizes were calculated using Cliff's delta
statistic (8) with a threshold of 0.47 to identify taxa showing substantial population-specific

differences (Kargar et al., 2020).
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Figure 4.60 Mean relative abundance of bacterial phyla across three cohorts. The stacked bar
plot shows the proportional composition of phyla with > 1% mean relative abundance across all
samples, based on MetaPhlAn taxonomic profiling of shotgun metagenomic data (AGP and AWI
cohorts) and SILVA-based taxonomic classification of 16S long-read sequencing data (SAN
population). Less abundant phyla were grouped as "Other", while "Unclassified" represents
sequences that could not be confidently assigned to known bacterial phyla.

At the phylum level all three cohorts were dominated by Firmicutes and Bacteroidetes,
together comprising the maijority of the bacterial composition (Figure 4.60). However, the
proportional distribution of these major phyla varied substantially across populations.
Comparison of the urban SAN population against AGP and AWIGEN1 populations revealed
several significant differences in phylum-level abundance (Figure 4.61, Supplementary Data
S4.16B).
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Figure 4.61 Differential abundance analysis comparing phyla between SAN and other cohorts
(AGP, AWIGEN1). Only phyla with significant differences (Wilcoxon rank-sum test, Benjamini-
Hochberg adjusted p < 5.0 x 10?) and effect size (Cliff's delta = 0.1) are shown. Statistical
significance indicated by asterisks (*: p < 5.0 x 102, **: p < 1.0 x 102, ***: p < 1.0 x 103, ns: not
significant).

Firmicutes showed significantly higher abundance in AWIGEN1 cohorts compared to SAN
(adjusted p-value = 2.9 x 10-?), while Bacteroidetes displayed markedly higher levels in the
SAN population compared to AWIGEN1 (adjusted p-value = 3.7 x 10-3). Notably, the
Firmicutes and Bacteroidetes difference between SAN and AGP was not significant,
suggesting potential dietary or lifestyle factors that might align these populations for these
particular phyla. Among the less abundant phyla, several distinctive patterns emerged.
Proteobacteria showed significantly higher levels in both AGP and AWIGEN1 cohorts
compared to SAN (adjusted p-value = 4.69 x 10-°, adjusted p-value = 1.43 x 10-'4, respectively.
Verrucomicrobia. Fusobacteria and Elusimicrobia demonstrated significant differences
between SAN and the AWI cohort (adjusted p-value = 2.1 x 103; 3.3 x 10-""; 3.7 x 10",
respectively). The proportion of unclassified bacteria varied significantly between populations
with higher levels observed in both AGP and AWIGEN1 cohorts compared to SAN (adjusted
p-value = 1.6 x 10-39; 2.4 x 1048).
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Figure 4.62 Mean relative abundance of bacterial genera across three cohorts. The stacked bar
plot shows the proportional composition of genera with > 1% mean relative abundance across
all samples, based on MetaPhlAn taxonomic profiling of shotgun metagenomic data (AGP and
AWI cohorts) and SILVA-based taxonomic classification of 16S rRNA long-read sequencing data
(SAN population). Less abundant genera were grouped as "Other", while "Unclassified"
represents sequences that could not be confidently assigned to known bacterial genera.

At the genus level, marked differences in bacterial composition were observed across the
three cohorts (Figure 4.62). The AGP and AWIGEN1 cohorts showed broadly similar profiles
dominated by unclassified bacteria (approximately 60-65% relative abundance). The SAN
population displayed a distinctly different pattern with Bacteroides encompassing ~25%
abundance and a more even distribution of the remaining genera, with a notably lower

proportion of unclassified sequences.

Differential abundance analysis revealed numerous significant differences between cohorts
(Figure 4.63). The most pronounced differences were observed in unclassified bacteria, which
showed significantly lower abundance in SAN compared to both AGP (& = -1, adjusted p-value
=4.2x 10" and AWIGEN1 (6 = -1, adjusted p-value = 7.6 x 10-28). Oscillibacter demonstrated
strong differential abundance, being significantly lower in SAN versus AWIGEN1 (& = -0.9,
adjusted p-value = 6.6 x 10-%).
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Significant Genus differences vs SAN
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Figure 4.63 Differential abundance analysis comparing genera between SAN and other cohorts
(AGP, AWIGEN1). Only genera with significant differences (Wilcoxon rank-sum test, Benjamini-
Hochberg adjusted p < 5.0 x 10-?) and effect size (Cliff's delta = 0.1) are shown. Statistical
significance indicated by asterisks (*: p < 5.0 x 102, **: p < 1.0 x 102, ***: p < 1.0 x 1073, ns: not
significant).

Similarly, Butyricimonas showed markedly lower levels in SAN compared to AWIGEN1 (& = -
0.8, adjusted p-value = 2.5 x 10-34). Among other major genera, Coprococcus (6 = -0.7,
adjusted p-value = 3.9 x 10-%%), Desulfovibrio (6 = -0.7, adjusted p-value = 1.7 x 10-%¢), and
Roseburia (8 = -0.7, adjusted p-value = 2.5 x 10-2") all showed significantly lower abundance
in the SAN population compared to AWIGEN1 (Supplementary Data S4.16D).

At the species level, interesting compositional patterns emerged across the three cohorts
(Figure 4.64). The AGP and AWI cohorts showed similar profiles dominated by “unclassified
species” (> 70% relative abundance), in addition to Prevotella copri clade A and “Other”

species comprising < 1% total mean relative abundance. The SAN population also had a high
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abundance of “unclassified species” (~30%), in addition to a ~20% abundance of Bacteroides

dorei and unique presence of > 1% abundance of Akkermansia muciniphila.
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Figure 4.64 Mean relative abundance of bacterial species across three cohorts. The stacked bar
plot shows the proportional composition of species with > 1% mean relative abundance across
all samples, based on MetaPhlAn taxonomic profiling of shotgun metagenomic data (AGP and
AWI cohorts) and SILVA-based taxonomic classification of 16S rRNA long-read sequencing data
(SAN population). Less abundant species were grouped as "Other", while "Unclassified"
represents sequences that could not be confidently assigned to known bacterial species.

Species-level differential abundance analysis revealed numerous significant differences
between cohorts (Figure 4.65). In line with the above, “unclassified species” showed
significantly lower abundance in SAN versus both AGP (5 = -0.6, adjusted p-value = 2.6 x 10
7y and AWIGEN1 (0 = -0.7, adjusted p-value = 7.2 x 10'3). Among classified species,
Parabacteroides distasonis showed strong differences between SAN and both AWIGEN1 (&
= -0.9, adjusted p-value = 3.4 x 10#%) and AGP (d = -0.8, adjusted p-value = 1.3 x 10%7).
Bacteroides uniformis also showed substantial differences between SAN versus AGP (d = -
0.9, adjusted p-value = 1.4 x 10-**) and AWIGEN1 (3 = -0.8, adjusted p-value = 4.1 x 10-3%).
Similarly, Odoribacter splanchnicus demonstrated significant differences between SAN and
AWIGEN1 (5 = -0.8, adjusted p-value = 3.3 x 10-*°) and AGP (d =-0.7, adjusted p-value = 2.6
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x 10-31). Among other species, Dorea longicatena (5 = -0.8, adjusted p-value = 1.5 x 10') and
Alistipes shahii (d = -0.7, adjusted p-value = 8.2 x 10-%7) showed significant differences
between SAN and AWIGEN1.

Significant Species differences vs SAN
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Figure 4.65 Differential abundance analysis comparing species between SAN and other cohorts
(AGP, AWIGEN1). Only species with significant differences (Wilcoxon rank-sum test, Benjamini-
Hochberg adjusted p < 5.0 x 10?) and effect size (Cliff's delta 2 0.1) are shown. Statistical
significance indicated by asterisks (*: p < 5.0 x 102, **: p < 1.0 x 102, ***: p < 1.0 x 103, ns: not
significant).

Following the detailed examination of species-level taxonomic composition across the three
cohorts, a deeper genomic investigation using metagenome-assembled genomes (MAGSs)
was performed. While the previous sections utilized 16S long-read sequencing data for the
SAN population, a complementary shotgun metagenomic dataset from the same population
to enable MAG recovery and comparative analysis with the AGP and AWI cohorts was

performed.
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4.7.4. Functional diversity across cohorts

To evaluate the consistency of functional predictions between shotgun metagenomics and
16S-based approaches, we compared the abundance profiles of n = 292 shared metabolic
pathways across all three cohorts (Supplementary Data S4.18). Comparison of log10-
transformed pathway abundances revealed significantly strong positive correlations between
PICRUSt2 predictions from the SAN population and HUMANN3 results from both AGP
(Spearman's p = 0.8, p-value = 9.1 x 107%) and AWI (Spearman's p = 0.8, p-value = 8.7 x
10-74) cohorts. The scatter plots in Figure 4.66 demonstrate consistent abundance estimates
across most pathways, particularly for highly abundant pathways (log10 abundance > -4) with

greater variability observed in low-abundance pathways.
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Figure 4.66 Correlation of predicted metabolic pathway abundances between shotgun
metagenomics and 16S approaches. (A) Scatter plot comparing pathway abundances between
AGP (HUMANN3) and SAN (PICRUSt2) cohorts. (B) Scatter plot comparing pathway abundances
between AWI (HUMANN3) and SAN (PICRUSt2) cohorts. Each point represents a distinct
metabolic pathway (n = 292). Red dashed lines indicate theoretical perfect correlation (y=x).
Both axes show log10-transformed relative abundances of pathways, with HUMANnN3
observations on y-axis and PICRUSt2 predictions on x-axis.

To quantify the magnitude of differences between methods, we examined the distribution of
log2 ratios between HUMANN3 and PICRUSt2 predictions. The density plots reveal
predominantly symmetric distributions centred near zero for both AGP/SAN and AWI/SAN
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comparisons (Figure 4.67A-B). The majority of pathways show less than 2-fold difference (log2
ratio between -1 and 1) between methods though some outlier pathways exhibit larger
discrepancies, particularly in low-abundance pathways. The AWI/SAN comparison showed a
slightly broader distribution of ratios compared to AGP/SAN, suggesting marginally higher

variability in predictions between these cohorts.
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Figure 4.67 Distribution of abundance differences between prediction methods. (A) Density plot
showing the distribution of log2 ratios between AGP (HUMANN3) and SAN (PICRUSt2) pathway
predictions. (B) Density plot showing the distribution of log2 ratios between AWI (HUMANN3)
and SAN (PICRUSt2) pathway predictions. Red dashed vertical lines indicate equal abundance
(log2 ratio = 0). Positive values indicate higher HUMANN3 observations, while negative values
indicate higher PICRUSt2 predictions. Density plots represent all n = 292 shared pathways
between methods.
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To investigate potential systematic biases between methods, the most divergent pathway
predictions between HUMANN3 and PICRUSt2 were examined. The top 20 most different
pathways revealed distinct patterns in both AGP and AWI comparisons (Figure 4.115 — 116).
“CMP-pseudaminate biosynthesis” showed consistently higher predictions in HUMANN3

across both datasets (log2 ratio > 10).
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PWY-6143: CMP-pseudaminate biosynthesis

PWY-5088: L-glutamate degradation VIll (to
propanoate)

DENITRIFICATION-PWY: nitrate reduction |
(denitrification)

PWY-6629: superpathway of L-tryptophan
biosynthesis

PWY-7209: superpathway of pyrimidine
ribonucieosides degradation

GOLPDLCAT-PWY: superpathway of glycerol
degradation to 1,3-propanediol

PWY-5028: L-histidine degradation Il
PWY~7013: (S)-propane~1,2-diol degradation

GLUCARGALACTSUPER-PWY: superpathway of D-glucarate
and D-galactarate degradation

GALACTARDEG-PWY: D-galactarate degradation |

Pathway

P562-PWY: myo-inositol degradation |

PWY-5022: 4-aminobutanoate degradation V/

P163-PWY: L-lysine fermentation to acetate and
butanoate

PWY-5677: succinate fermentation to butanoate

UBISYN-PWY: superpathway of ubiquinol-8
biosynthesis (early decarboxylation)

PWY-6708: ubiquinol-8 biosynthesis (early
decarboxylation)

PWY-6471: peptidoglycan biosynthesis IV
(Enterococcus faecium)

PWY-6467: Kdo transfer to lipid IVA IIl
(Chlamydia)

PWY-7196: superpathway of pyrimidine
ribonucleosides salvage

FASYN-INITIAL-PWY: superpathway of fatty acid
biosynthesis initiation (E. coli)

0
log2(HUMANN/PICRUS)

Figure 4.68 Top 20 pathways showing largest abundance differences between methods.
For AGP (HUMANN3) and SAN (PICRUSt2) cohorts. Log2 ratio positive values (blue)
indicate higher HUMANN3 observations, negative values (pink) indicate higher PICRUSt2
predictions. Pathways are ordered by magnitude of difference.

Conversely, pathways like “fatty acid biosynthesis initiation” and “Kdo transfer’” showed
substantially lower HUMANN3 predictions (log2 ratio < -20). Notably, several pathways
appeared among the most divergent in both comparisons, including “L-glutamate degradation

VIII" and “pyrimidine ribonucleoside degradation” pathways.

When examining pathway presence/absence patterns across functional categories, most
categories showed high concordance between methods with > 75% of pathways detected by
both approaches (Figure 4.70A — B, Supplementary Data S4.18L). However, notable

differences emerged in specific categories.
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Top 20 most different pathways (AWI vs SAN)
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Figure 4.69 Top 20 pathways showing largest abundance differences between methods. For AWI
(HUMANN3) and SAN (PICRUSt2) cohorts. Log2 ratio positive values (blue) indicate higher
HUMANN3 observations, negative values (pink) indicate higher PICRUSt2 predictions. Pathways
are ordered by magnitude of difference.

“Lipid Metabolism” showed the highest proportion of PICRUSt-only predictions in the AGP
comparison (~25% of pathways) while showing more HUMANN-only predictions in the AWI
comparison (~20% of pathways). “Cell Wall & Membrane” pathways also showed substantial
method-specific predictions (Figure 4.70A). In contrast, “Energy Metabolism”, “Secondary

Metabolism” and “Vitamin & Cofactor” pathways showed complete overlap between methods.

To quantify systematic biases in abundance predictions, the analysis of the distribution of log2
ratios between methods across functional categories was performed (Figure 4.71A — B). Both
comparisons showed significant differences between categories (Kruskal-Wallis test; AWI vs
SAN: p-value = 6.3 x 103, AGP vs SAN: p-value = 2.2 x 10-2) (Supplementary Data S4.18K).
“Amino Acid Metabolism” showed the most consistent predictions between methods (median
log2 ratio near 0), while “Carbohydrate Metabolism” displayed larger systematic differences
(median log2 ratio < -1.5 in AGP).
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Figure 4.70 Distribution of pathway detection across functional categories. (A) AGP vs SAN and
(B) AWI vs SAN comparisons showing percentage of pathways detected by both methods
(green), HUMANNS3 only (orange), or PICRUSt2 only (blue).
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Pathways categorised as “Other” (n = 151) due to not falling within these groups exhibited the
highest prediction variability, as indicated by large interquartile ranges and numerous outliers,
highlighting that the functional analysis demonstrated systematic differences between

functional profiling methods.
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Figure 4.71 Distribution of abundance differences across functional categories. Box plots
showing log2 ratios (HUMANN/PICRUSt) for (A) AGP vs SAN and (B) AWI vs SAN comparisons.
Only categories with = 5 pathways are shown. Red dashed line indicates equal abundance (log2
ratio = 0). Outliers shown as individual points.
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In summary, this comprehensive analysis of the urban professional South African population
reveals a complex interplay between demographic variables, lifestyle factors, and gut
microbiome composition (Figure 4.72). The long-read 16S rRNA sequencing data
demonstrated significant associations between age and alpha diversity, with older adults
exhibiting greater microbial richness and evenness, while gender significantly influenced
community composition as measured by beta diversity. Differential abundance analysis
identified distinct microbial biomarkers across demographic groups, including species
specifically associated with age, gender, ancestry, and BMI classifications. Response
variables related to socioeconomic status, diet, lifestyle, and health factors further revealed
significant associations with specific microbial taxa and diversity patterns, with variables such
as public transport use, dairy consumption, gas heating, and multivitamin intake emerging as
particularly influential factors. Predicted functional profiling indicated considerable variation in
metabolic potential across the cohort, with pathways related to carbohydrate metabolism,
nucleotide synthesis, and amino acid biosynthesis being most prevalent. The top pathways
identified, including starch degradation and various biosynthetic processes, reflect key
metabolic functions essential for energy production and cellular growth. While these findings
provide valuable insights into the urban South African gut microbiome, the subsequent
analysis of concordance between long-read and short-read sequencing approaches offers
additional methodological considerations and deeper functional investigations to contextualise
these observations. Collectively, these results establish a foundational understanding of the
urban South African gut microbiome landscape and its associations with key demographic and

lifestyle factors.
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Figure 4.72 Summary of key findings from the urban professional South African gut microbiome
study. The diagram illustrates the major results across all chapter sections (4.1-4.7),
highlighting cohort characteristics, microbiome composition, community stratification,
sequencing method concordance, temporal dynamics, and comparative analyses with other
populations. This represents the first comprehensive characterization of the gut microbiome in
an urban professional South African population, revealing distinct microbial signatures and
demographic associations unique to this population.

5. Discussion

5.1. Overview of findings

This study presents a snapshot characterization of the gut microbiome in n = 221 urban
professional South Africans (SAN) recruited from the CSIR Pretoria campus and University of
the Witwatersrand (Johannesburg). The analysis of n = 101 variables, refined from n = 123
survey questions, demonstrated associations between demographic factors (age group,
gender, BMI group, and ancestry) and various socioeconomic, dietary, lifestyle, and health-

related factors. Influences on microbial community structure were revealed, with differential

Page 182 of 253



abundance analysis identifying specific taxonomic signatures associated with both
demographic factors and survey responses. Furthermore, clustering analysis revealed natural
community stratification within this SAN population, associated with specific lifestyle factors

such as COVID-19 diagnosis history and dietary habits.

The methodological comparison between 16S long-read and shotgun metagenomic
sequencing highlighted important technical considerations for microbiome studies. While the
approaches showed moderate concordance in functional profiling, systematic differences
were observed in taxonomic resolution and community composition assessment, particularly
at finer taxonomic levels. These findings highlighted the importance of considering
methodological biases when contextualising the results against other cohorts and interpreting
microbiome data from different sequencing platforms. The comparative analyses with shotgun
metagenome-sequenced Western (AGP) and urban-rural South African (AWIGEN1)
populations revealed distinct characteristics of the urban South African gut microbiome.
Notable differences included lower phylum-level diversity, but higher Bacteroidetes
abundance compared to other cohorts. Metagenome-assembled genome analysis identified
cohort-specific  taxonomic  signatures, particularly  within  Actinomycetota-related

(Actinobacteria) taxa.

Temporal analysis of the SAN population microbiome revealed substantial inter-individual
variability in taxonomic composition, with only a limited core microbiome maintained across
individuals over time. In contrast, functional profiles showed remarkable stability with 82%
identified as core and stable functions, suggesting functional redundancy and resilience within

the gut microbiome despite dynamic taxonomic changes.

These findings provided a foundation for understanding the unique features of the SAN gut
microbiome and its relationship with various environmental and host factors, shaped by rapid
urbanization, dietary shifts, and local health challenges. For example, unlike Western cohorts,
SAN exhibits elevated Bacteroidetes and transient taxonomy with stable function — a resilience
strategy potentially critical for South Africa’s public health priorities. This specificity highlights
the need to move beyond universal microbiome models toward locally tailored interventions
and suggests potential targets for future investigations into the role of the microbiome in health

and disease in this understudied population.

5.2. Methodological considerations and limitations

This study of the urban South African gut microbiome requires careful consideration of
methodological limitations when interpreting results. Heterogeneous sequencing platforms,
bioinformatic pipelines, and cohort designs introduce complexities examined below through

technical, study design, and analytical perspectives.
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Technical considerations

The study employed 16S long-read sequencing for the SAN population versus shotgun
metagenomics for AGP and AWIGEN1 cohorts, introducing technical biases. While 16S offers
cost-effective profiling with improved species-level classification, its resolution remains limited
compared to shotgun metagenomics' strain-level functional insights (Johnson et al., 2019).
This complicates cross-cohort comparisons, as 16S data infer function indirectly via tools like
PICRUSt2, while shotgun data derive it directly from characterized protein families (Treiber et
al., 2020). Differences between SILVA (16S) versus MetaPhlAn and GTDB-Tk (shotgun)
classifications may skew taxonomic conclusions due to varying reference genome coverage
(Balvogiaté & Huson, 2017; Durazzi et al., 2021).

The 16S approach detected only ~7 species versus shotgun's 140, despite high correlation
(ICC = 0.745) for overlapping taxa, masking 16S's inability to resolve >90% of diversity,
particularly low-abundance taxa critical for niche adaptation (Asnicar et al., 2017). QIIME2's
OTU/ASV clustering and the MAG pipeline's genome reconstruction differ fundamentally: OTU
methods may over-split related taxa, while MAG methods risk collapsing strain-level variation
(Yakobi & Nwodo, 2025). Prevotella dominance identified via 16S might mask functional sub-

strains detectable only through shotgun sequencing.

Study design

The SAN population's size (n = 221) and urban homogeneity limited statistical power,
particularly for sparse demographic subgroups. Collapsing variables into broader groups
reduced granularity, increasing false discovery risks despite Benjamini-Hochberg correction
(Lin & Peddada, 2020). For example, gas heating's association with Desulfovibrio piger may
conflate air quality, socioeconomic status, and unmeasured variables (Vujkovic-Cvijin et al.,
2020). Small microbiome samples inflate both Type | and Il errors when testing multiple

covariates with modest effect sizes (Ferdous et al., 2022).

The cross-sectional design precludes causal inference, as temporal dynamics were captured
in only 22 longitudinal samples. While associations like transport mode's impact on diversity
were identified, determining whether microbial shifts precede or result from lifestyle changes
requires longitudinal frameworks (Vangay et al., 2018). The focus on urban professionals limits
generalizability to broader South African populations with different microbiome-influencing

exposures (Gacesa et al., 2022).

Analytical challenges
Multiple testing remains concerning despite FDR correction. Some significant associations
(e.g., cosmetics and apoptosis pathways) may represent false positives, particularly for weakly

associated variables like refuse disposal (R? < 1.0 x 10-2) where effect sizes approach
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technical noise (Saseendran et al., 2019). Conversely, stringent correction may obscure

biologically meaningful signals in smaller subgroups (Nearing et al., 2022).

Unmeasured confounders (e.g., air pollution, occupational chemicals) were incompletely
addressed. Gas heating's association with microbial diversity might conflate air quality,
temperature, and socioeconomic status (Fouladi et al., 2020; Kwak et al., 2024). Similarly,
cosmetics usage and Actinobacteriota links may reflect chemical exposure rather than direct
microbial selection, unresolved by multivariate adjustments (Aldirawi & Morales, 2023; Chiu
et al., 2020; Rio et al., 2024).

The 16S sequencing provided comparable taxonomy at higher levels but resolution declined
substantially at finer levels, classifying only 132 ASV-associated bacteria versus shotgun's
608 species, with ~6% more unclassified taxa. This limitation reflects incomplete
representation of African microbiomes in reference databases (Maghini et al., 2025),
emphasizing the need for shotgun metagenomics and improved databases for African

microbial diversity.

Sparse metadata and cohort heterogeneity complicated cross-study interpretations and
AGP/AWI's limited descriptors restricted confounding adjustment. Methodological differences
between 16S and shotgun sequencing hindered direct comparisons (Truong et al., 2015) and
imputation methods were limited by absent foundational metadata (Costea et al., 2017).
Significant PICRUSt pathways may reflect SAN divergence from Chinese cohort dysbiosis or
athlete lifestyle extremes rather than purely SAN features, highlighting sensitivity to cohort-

specific subpopulations without sufficient metadata (Lampeter et al., 2023).

Despite these limitations, this work contributes meaningful insights into urbanization and gut
microbiome composition in the African context, particularly within underrepresented urban
professional South Africans. Future research would benefit from standardized protocols,

expanded shotgun metagenomics, longitudinal sampling, and causal inference modelling.

5.3. Demographic drivers of microbiome composition

The characterization of the gut microbiome in the SAN population revealed distinct patterns of
microbial diversity and composition that reflected the complex interplay with host
demographics. This investigation uncovered several key findings that warranted detailed

interpretation.

i. Age-related patterns

Figure 5.1 Age-related gut microbiome findings showing key differences in microbial diversity,
taxonomic composition, and functional pathways between age groups.
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Age-related gut microbiome profile
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Diversity

The age group analysis revealed significant associations between age and microbial alpha
diversity. Older adults exhibited lower microbial richness and evenness compared to younger
adults across Observed OTUs (ASVs), Simpson, and Shannon diversity indices (Figure 4.1).
Young adults demonstrated higher numbers of unique bacterial species, better species
evenness, and more complex, balanced microbial ecosystems. This finding aligns with
published research showing alpha diversity peaks in younger adults and plateaus around age
40 (de la Cuesta-Zuluaga et al., 2019).

In contrast, when examining community composition using Bray-Curtis dissimilarity, no
statistically significant differences were observed between young and older adults
(PERMANOVA p-value > 5.0 x 10?). The absence of distinct clustering in beta diversity
ordination confirmed that age groups maintained similar taxonomic profiles at the community
level despite differences in diversity metrics (Yan, Qin, Yan, et al., 2022). These findings
indicate young adults maintain a more diverse gut microbiome than older adults, even as

fundamental community structure remains comparable.
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Differential taxonomy

Differential abundance analysis using LEfSe on the unrarefied dataset (Figure 4.9) identified
three bacterial species significantly different between age groups: Bifidobacterium longum and
Roseburia faecis enriched in young adults, and Barnesiella intestinihominis in older adults.
The enrichment of B. longum in young adults corresponds with literature showing higher
abundance in younger populations, though this species persists across all ages (0 — 104
years), reflecting its lifelong role in gut ecology (Arboleya et al., 2016; Kato et al., 2017;
Odamaki et al., 2016). B. longum produces beneficial bioactive molecules like short-chain fatty
acids and associates with higher gut microbiome diversity (Ladeira et al., 2023; Mills et al.,
2023). R. faecis, a butyrate-producing anaerobe enriched in young adults, offers anti-
inflammatory properties and potential immunity benefits (Tamanai-Shacoori et al., 2017).
Elderly individuals generally exhibit decreased butyrate production capacity compared to

younger individuals (Hippe et al., 2011).

Young adults exhibited Prevotella-dominant enterotypes while older adults showed
Ruminococcus-dominant patterns. Age-related enterotype associations vary considerably
across studies, with some reporting decreased Prevotella in elderly populations (Li et al., 2022;
Pérez Martinez et al., 2014), while others found no consistent age-specific patterns (Jeffery et
al., 2016). The coexistence of species-level differences alongside similar community-wide
structures demonstrates how microbiome variations manifest at different analytical scales,
highlighting the importance of multiple analytical approaches to fully understand microbial

community dynamics (Kers & Saccenti, 2022).

Functional pathways

Functional analysis revealed significant age-related differences in gut microbiome pathway

abundance. Three key pathway classes — “infectious disease (bacterial)," "neurodegenerative
disease," and "xenobiotic biodegradation and metabolism" — were differentially abundant
between age groups. The most significant pathway, "Nitrotoluene degradation" (adjusted p-
value = 1.0 x 10-?), associated with the /acA gene (galactoside O-acetyltransferase), was
enriched in young adults. Studies in Fulani and Jarawa populations linked nitrotoluene
degradation pathways to dietary and lifestyle variations (Afolayan et al., 2019), while research
on microplastic exposure highlighted xenobiotic degradation pathways indicating exposure to

toxic compounds and altered energy metabolism (Blot et al., 2023; X. Zhang et al., 2022).

In paediatric populations, nitrotoluene degradation pathways appear enriched in children with
autism spectrum disorder (ASD), alongside metabolic pathways related to endocrine-
disrupting chemicals (Bhusri et al., 2025). The /acA gene, linked to carbohydrate metabolism

and adaptation to environmental stressors, suggests connections between chemical
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exposure, gut microbiota dysbiosis, and neurodevelopmental disorders. Compounds like p-
nitrotoluene, associated with hyperactivity in animal models, may have behavioural
implications for individuals with ASD (Bhusri et al., 2025).

Young adults showed enriched pathways linked to metabolism and neurodegenerative
diseases, while older adults exhibited stronger associations with Staphylococcus aureus
infection pathways. Younger individuals often harbour microbiomes optimized for metabolic
flexibility, reflecting urban dietary patterns high in processed foods (Ravikrishnan et al., 2024;
Wang et al., 2024). Studies show younger adults exhibit higher microbial diversity and energy
metabolism pathways supporting gut health (Khaledi et al., 2024; Ravikrishnan et al., 2024).
The enrichment of neurodegenerative-related pathways in young adults mirrors evidence that
early-life microbiome alterations may prime long-term neurological risks. Gut microbiota
dysbiosis in younger populations can produce metabolites like lipopolysaccharides and short-
chain fatty acids influencing neuroinflammation through the gut-brain axis (Fu et al., 2024; Liu
et al., 2024). Specific microbial genera like Bacteroides, enriched in younger adults, associate
with pathways linked to Alzheimer's and Parkinson's diseases (Liu et al., 2024; Ravikrishnan
et al., 2024).

The S. aureus infection pathways in older adults likely reflect age-related immunosenescence
and urban comorbidities increasing susceptibility to opportunistic pathogens. Older adults
often exhibit decreased microbial diversity, increased pathobionts, and reduced beneficial taxa
crucial for gut barrier integrity (Chen & Boyle, 2024; Ravikrishnan et al., 2024). These changes
worsen with frailty, chronic inflammation, and medication use (Khaledi et al., 2024; Pu et al.,
2024).

South Africa's unique dietary transitions and disease burden warrant deeper exploration to
disentangle environmental, lifestyle, and aging interactions (Ravikrishnan et al., 2024; Wang
et al., 2024). Functional pathways PCA revealed considerable overlap between age groups,
indicating shared core microbial functions across demographics. This suggests factors beyond
age — dietary habits, medication use, environmental exposures — may significantly influence
microbial community functions (Ghosh et al., 2022; Shanahan et al., 2021). The lack of distinct
separation between age groups highlights the complexity of microbiome-host interactions and
the need to consider these factors beyond age when interpreting results (Wilmanski et al.,
2021).

These findings contribute to understanding the gut microbiome's role in age-related health
outcomes and provide a foundation for exploring how additional demographic factors, such as
gender, shape microbial community composition and function.

ii. Gender-related patterns
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Figure 5.2 Gender-related findings revealing differences in gut microbiome composition and
functionality between males and females.

Diversity

Gender-related gut microbiome analysis revealed no significant differences in alpha diversity
indices (Shannon, Observed OTUs, Simpson), indicating comparable species richness and
evenness within individual samples. However, beta diversity analysis showed significant
differences in microbial community structure between genders (PERMANOVA p = 1.7 x 10-2).
This finding potentially suggests either systematic compositional differences between males
and females, or greater within-group variability in one gender. PERMANOVA alone cannot
distinguish between these possibilities, but the lack of distinct clustering in ordination plots and
prior evidence suggest sex-related differences may stem from increased variability among
females rather than consistent divergence from males (Kim et al., 2020). This aligns with
hypotheses that hormonal fluctuations or lifestyle diversity in females could drive broader inter-

individual differences in microbial communities (Santos-Marcos et al., 2023).

Differential taxonomy
Differential abundance analysis identified six species enriched in males: Prevotella stercorea,

Bacteroides cellulosilyticus, Bifidobacterium adolescentis, Massiliprevotella massiliensis,
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Dialister succinatiphilus, and Veillonella atypica. Prevotella stercorea, with unique
carbohydrate-metabolizing enzymes (Yeoh et al., 2022), aligns with Prevotella enterotype
dominance in males (Del Castillo-1zquierdo et al., 2022). Massiliprevotella massiliensis has
been linked to systemic T cell activation in immunocompromised males (Armstrong et al.,
2018; Ndongo et al., 2017), though with limited cases in our cohort, this association remains

speculative.

Bacteroides cellulosilyticus enrichment may reflect both androgen influences on Bacteroides
abundance (Ma et al., 2021) and dietary factors, as males were overrepresented in non-
omnivorous diets. This aligns with findings that older men on plant-based diets exhibit elevated
B. cellulosilyticus levels (Li et al., 2021), suggesting interplay between hormonal regulation

and dietary habits in shaping microbial communities (Feraco et al., 2024).

Bifidobacterium adolescentis, enriched in males, produces gamma-aminobutyric acid (GABA)
(Duranti et al., 2020) and may modulate the gut-brain axis. Despite males reporting higher
rates of mental health issues, B. adolescentis enrichment suggests complex interactions
between gender-associated factors and microbial colonization (Argentini et al., 2024; Ladeira
et al., 2023).

Dialister succinatiphilus, a succinate-metabolizing bacterium, has been negatively correlated
with glycaemic response and linked to inflammatory bowel disease, potentially prolonging
succinate accumulation (Anthamatten et al., 2024; Portincasa et al., 2024). Veillonella atypica
shows contrasting roles — associated with obesity-related metabolic risks in men but beneficial
in athletes by converting lactate to propionate for enhanced endurance (Haro et al., 2016;
Lundberg et al., 2021; Scheiman et al., 2019).

In females, Bacteroides dorei and Phascolarctobacterium faecium were enriched, with
Bacteroides-dominant enterotypes observed. B. dorej is implicated in cardiometabolic health
(Yoshida et al., 2018), while showing stable abundance across BMI ranges in women
compared to men (Haro et al., 2016). Bacteroides species are correlated to female-specific
conditions, though B. dorei's direct role needs further investigation (Siddiqui et al., 2022; Xiao
et al., 2024).

Phascolarctobacterium faecium produces beneficial short-chain fatty acids from succinate
(Rachek et al., 2021; Wu et al., 2017). While enriched in females with metabolic syndrome
(Santos-Marcos et al., 2019), its efficient succinate metabolism contrasts with male-
associated D. succinatiphilus (Anthamatten et al., 2024; Ogata et al., 2019). This suggests
sex-specific succinate-handling strategies: females may favour rapid conversion to anti-
inflammatory SCFAs, while males' reliance on slower Dialister species may increase

inflammatory risks.
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Functional pathways

Functional pathway analysis revealed significant gender-specific differences, with the relative
abundance of most pathways dominating in males. The most significant pathway was
"Apoptosis" (adjusted p = 8.0 x 10), critical for tissue homeostasis and immune regulation
(Tang et al., 2021). Microbial modulation of apoptosis influences epithelial permeability, with
pathogens exerting stronger pro-apoptotic effects than probiotics or commensals (Altonsy et
al., 2010; Buret & Bhargava, 2014). Descriptive statistics showed males were more likely to
use probiotics, potentially influencing gut apoptotic pathways. While probiotics can modulate
apoptosis with therapeutic benefits, excessive apoptosis may contribute to epithelial
dysfunction (Daniluk et al., 2012; Wang et al., 2021).

Males also showed increased abundance in "Phenylpropanoid biosynthesis" (adjusted p = 4.4
x 1073), involving dietary antioxidants with structural and signalling functions (Navarre et al.,
2022). This pathway highlights bidirectional interactions between polyphenols and gut
microbiota, where microbes metabolize polyphenols into bioactive compounds affecting host
health (Espin et al., 2017). Phenylpropanoid-related pathways have been linked to prostate

cancer risk (Fuijita et al., 2023), suggesting potential roles in male-specific processes.

Females exhibited higher abundance in "Glycosphingolipid biosynthesis - ganglio series"
(adjusted p = 4.1 x 102) and "Sphingolipid metabolism" (adjusted p = 1.7 x 102). These
pathways are central to lipid metabolism and linked to conditions like polycystic ovary
syndrome, where gut microbiota imbalances correlate with dysregulated metabolism (Zhu et
al., 2021). Sphingolipids, produced by bacteria like Bacteroides, influence host metabolic
pathways including ceramide levels and insulin sensitivity (Johnson et al., 2020). In females,
bacterial-derived sphingolipids may modulate hepatic lipid synthesis and glucose
homeostasis, as demonstrated in mouse models where Bacteroides thetaiotaomicron reduced

hepatic sphingolipid production (Johnson et al., 2019).

These gender-related differences highlight sex as a critical variable in microbiome research.
While males and females share core microbial activities, distinct functional enrichments
describe how sex-specific factors — hormonal profiles, dietary habits, immune responses —
shape the gut ecosystem, emphasizing the need for sex-stratified approaches to develop

tailored therapeutic strategies (Valeri & Endres, 2021).

iii. BMI group-related patterns
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Figure 5.3 BMI-associated variations in gut microbiome characteristics showing relationships
between body mass index groups and microbial communities.

Diversity and differential taxonomy

BMI-related gut microbiome analysis revealed distinct patterns while showing no significant
differences in diversity indices. The underweight group exhibited a Prevotella/Bacteroides
enterotype with six differentially abundant species: Eubacterium rectale, Bacteroides
coprocola, Parasutterella excrementihominis, Faecalicoccus pleomorphus, Alistipes

indistinctus, and bacterium YE57. Normal weight subjects showed one differentially abundant
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species, Dialister invisus. The overweight category demonstrated enrichment of Prevotella
metagenome and unclassified Ruminococcaceae, while the obese group showed increased
abundance of Dialister gut metagenome, Bacteroides plebeius, Bacteroides xylanisolvens,

Veillonella atypica, unclassified Streptococcus, and uncultured Lachnoclostridium.

E. rectale enrichment in underweight individuals suggests roles in energy regulation,
negatively correlating with ghrelin — a hunger-stimulating hormone — potentially suppressing
appetite signalling (Komodromou et al., 2024). Its association with body fat distribution
parameters indicates influence on lipid metabolism. B. coprocola inversely associates with
glycaemic responses to artificial sweeteners (Feng et al., 2024) and links to SNPs in type 2
diabetes, particularly in glycosyl hydrolase genes (Chen et al., 2017), potentially contributing

to reduced energy extraction in underweight individuals.

P. excrementihominis presents contrasting associations — linked to fatty acid biosynthesis and
weight gain in obesity (Henneke et al., 2022) yet elevated in underweight individuals,
suggesting context-dependent metabolic roles. Its elevation in Crohn's disease indicates
potential adaptation to altered gut environments (Yan et al., 2023). F. pleomorphus has
appears in undernutrition-associated microbiomes with reduced abundance in breast cancer
patients with delayed diagnosis (Kamil et al., 2021; Nguyen et al., 2024). A. indistinctus shows
reduced abundance in liver cirrhosis and healthier metabolic profiles in obesity studies
(Guohong-Liu et al., 2019; Phuong-Nguyen et al., 2024), while bacterium YE57 co-occurs with

Alistipes and Lachnospiraceae, suggesting roles in metabolic adaptations (Lee et al., 2023).

D. invisus enrichment in normal BMI subjects suggests mediation between prudent diet
patterns and anti-inflammatory biomarkers like adiponectin and IL-6 (Shi et al., 2022). Its
sensitivity to antibiotics like ciprofloxacin (Patangia et al., 2022) highlights environmental
responsiveness, potentially reflecting balanced gut ecosystems supporting metabolic health.
Prevotella and Ruminococcaceae enrichment in overweight individuals, particularly in Black
populations, links to altered lipid metabolism and inflammation. Prevotella positively
associates with triglycerides and hs-CRP (Hu et al., 2015), with stronger BMI associations in

Black populations (Stanislawski et al., 2019).

In obese individuals, Dialister enrichment appears consistent across studies, including
increased abundance in rheumatoid arthritis patients and pre-pregnancy obese women
(Mena-Vazquez et al., 2023; Sugino et al., 2019). B. plebeius, despite associations with
normal weight and lower visceral fat (Chen, et al., 2022), may reflect strain-specific
adaptations in carbohydrate metabolism (Hehemann et al., 2010). B. xylanisolvens shows
enrichment in obese individuals across diverse populations (Aljazairy et al., 2022; Liu et al.,

2022). V. atypica and Streptococcus demonstrate significant abundance in obese individuals
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with gender-specific associations (Haro et al., 2016; Pinart et al., 2021), while
Lachnoclostridium shows variable obesity links (Amadou et al., 2016; Salazar-Jaramillo et al.,
2024).

Functional pathways

Functional pathway analysis identified two significant pathways differentially abundant across
BMI groups: "Glycosphingolipid biosynthesis — globo and isoglobo series" and "Styrene
degradation" (adjusted p = 4.0 x 10-?). The glycosphingolipid pathway, more abundant in
obese subijects, synthesizes complex lipids critical for cell membrane structure and signalling
(Cumin et al., 2021). This pathway positively associates with elevated cholesterol and
supplement use (Manor et al., 2020), suggesting links to metabolic dysregulation. Mouse
studies show glycosphingolipid biosynthesis enrichment in high-fat diet groups, correlating
with increased lipid metabolism and inflammatory markers (Portela et al., 2023). Upregulation
in obese individuals may reflect altered lipid handling contributing to obesity's pro-

inflammatory and metabolic disturbances.

The "styrene degradation" pathway enrichment in underweight individuals suggests roles in
xenobiotic metabolism and gut adaptation. Though typically associated with high BMI and gut
dysbiosis (Yin et al., 2024; Zhu et al., 2024), its presence in underweight subjects may indicate
distinctive microbial strategies for handling toxins or metabolites. This pathway negatively
associates with bile acids like deoxycholic acid and 7-ketolithocholic acid (Zhang et al., 2024),
which link to obesity and insulin resistance. In underweight individuals, this upregulation could

represent protection against metabolic disturbances or adaptation to low energy availability.

Method comparison revealed BMI group showed strongest associations with pathway
abundances across both HUMANN3 (R? = 9.4 x 102) and PICRUSt2 (R? = 8.9 x 10-?), finding
robustness and BMI's importance as a determinant of microbial functional capacity (Douglas
et al., 2020). These differences in pathway abundances suggest metabolic health significantly
influences gut microbiome functional potential, affecting nutrient metabolism, detoxification,

and inflammation processes.

These findings demonstrate the dynamic interplay between metabolic status and gut
microbiome. While overall microbial diversity remains stable across BMI groups, specific taxa
and functional pathways exhibit significant variations reflecting adaptations to differing energy
availability and metabolic demands, providing a foundation for further exploration of

microbiome-metabolic health interactions.

iv. Ancestry-related patterns
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Figure 5.4 Ancestry-related patterns in gut microbiome composition demonstrating differences
across various ancestral groups.

Differential abundance analysis revealed the African group exhibited two differentially
abundant species: Prevotella stercorea and Bacteroides xylanisolvens, with a Prevotella
enterotype dominated by 13 genera. P. stercorea enrichment aligns with populations
consuming high-fibre, plant-based diets characteristic of non-industrialized lifestyles (de
Goffau et al.,, 2022; Lozupone, Stombaugh, et al., 2013). In adults, P. stercorea links to
carbohydrate-rich diets with unique metabolic capabilities including carbohydrate esterases

but lacking some hemicellulose-degrading enzymes (Yeoh et al., 2022).
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B. xylanisolvens enrichment further highlights dietary and lifestyle influences on microbial
composition. Though associated with obesity in some populations (Aljazairy et al., 2022; Liu
et al., 2022), its presence may reflect strain-specific adaptations in carbohydrate metabolism.
The persistence of Prevotella-dominant enterotypes in this adult African cohort despite
urbanization suggests resilience of traditional dietary patterns, though increasing Bacteroides
dominance in urbanized populations raises concerns about potential loss of microbial diversity

linked to metabolic health (van der Vossen et al., 2023).

The Asian/Multiancestry/Other group exhibited several differentially abundant species:
Bacteroides plebeius, Fusobacterium gonidiaformans, Bifidobacterium catenulatum,
Clostridium glycyrrhizinilyticum, Collinsella intestinalis, and Lactobacillus plantarum, with a
Bacteroides enterotype dominated by 15 genera. B. plebeius enrichment aligns with Asian
ancestry and dietary habits (Peters et al., 2020), potentially showing dual health roles —
beneficial in chronic kidney disease (Pei et al., 2022) but potentially detrimental in acute
pancreatitis (Qu et al., 2024). F. gonidiaformans has been implicated in postpartum
bacteraemia (Vidaurrazaga et al., 2020), while B. catenulatum metabolizes plant-derived
glycans reflecting dietary adaptations (X. Liu et al., 2021b). C. intestinalis increases with
processed food components (Wolf et al., 2019), with links to higher insulin levels and lower
fibre intake (Gomez-Arango et al., 2018). L. plantarum demonstrates probiotic properties with
better colonization in Prevotella-dominated microbiomes (Echegaray et al., 2023; Isenring et
al., 2022). These patterns highlight ancestry as a proxy for lifestyle and dietary variations even

within urban communities (Dwiyanto et al., 2021).

The European group exhibited only one differentially abundant species: uncultured
Muribaculaceae, which degrades complex carbohydrates and produces SCFAs from dietary
fibres (Zhu et al., 2024). This limited diversity contrasts with more varied profiles in other
ancestry groups, likely reflecting the homogenizing effects of urbanization and Westernized

lifestyles (Yatsunenko et al., 2012).

Functional pathways

Functional pathway analysis identified three significant pathways: "Selenocompound
metabolism," "Tryptophan metabolism," and "Nitrotoluene degradation" (adjusted p = 1.7 x
10-2), associated with enzymes gentisate 1,2-dioxygenase, cysJ (sulfite reductase), and lacA

(galactoside O-acetyltransferase), respectively.

Selenium metabolism involves gut microbiome conversion of this essential trace element into
bioactive selenocompounds like selenoproteins, critical for reducing oxidative stress and
modulating immunity (Kieliszek & Btazejak, 2016). Ancestry-specific variations may influence

selenium metabolism as dietary intake varies across populations with different traditional diets
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(Fairweather-Tait et al., 2011). Tryptophan metabolism produces metabolites like indole,
indole-3-lactic acid, and indole-3-propionic acid that regulate immune responses, gut barrier
integrity, and neuro-behavioural functions (Agus et al., 2018). Ancestry-related microbiota
differences, such as Prevotella enrichment in African populations or Bacteroides in European
populations, can lead to variations in tryptophan metabolite production, with Prevotella-
dominant microbiomes linked to higher anti-inflammatory metabolites (Roager & Licht, 2018).
Nitrotoluene degradation detoxifies environmental pollutants, varying significantly across
populations based on exposures (Claus, 2014). Ancestry-specific adaptations, such as
Clostridium enrichment, may enhance xenobiotic metabolism, potentially protecting against
environmental toxins (Koppel et al., 2017). These ancestry-specific profiles persist despite
urbanization (Filippo et al., 2010; Yatsunenko et al., 2012), influencing functional capacity

across metabolic pathways.

The African ancestry group showed higher abundance in "Insulin signalling," "DNA
replication," and "Homologous recombination" pathways. Insulin signalling, influenced by gut
microbiome metabolites like SCFAs, modulates host metabolism (Canfora et al., 2015).
Retention of Prevotella-dominant features despite urbanization may sustain SCFA production,
potentially mitigating metabolic dysregulation in urban settings (van der Vossen et al., 2023;
Vinogradova et al., 2024). DNA replication and homologous recombination pathways might
reflect adaptations to urban stressors, with metabolites like butyrate potentially enhancing

oxidative stress resilience (Krautkramer et al., 2021).

The Asian/Multiancestry/Other group showed enrichment in "Alanine, aspartate, and
glutamate metabolism" and "Peroxisome" pathways, potentially reflecting plant-based
proteins and fermented foods increasingly common in urbanizing populations (LeBlanc et al.,
2024). Glutamate metabolism, critical for nitrogen balance (Wu et al., 2011), might align with
dietary protein diversity or stem from pollution-induced oxidative stress and peroxisome
pathways may buffer against processed diets or pollution (van der Vossen et al., 2023;
Wanders et al., 2016). Sulphur metabolism links to both dietary intake and environmental
pollutant detoxification. Sulphur-metabolizing bacteria influence colorectal cancer risk,
particularly with high-sulphur diets (David et al., 2014). In urban South Africa, this pathway's
enrichment may reflect traditional dietary practices and urban pollutant exposure (Koppel et
al., 2017). Protein digestion pathway prominence aligns with dietary patterns prioritizing
animal or legume proteins, though excessive protein fermentation can produce harmful
metabolites (Wu et al., 2011; Krautkramer et al., 2021).

These findings emphasize the importance of contextualizing microbiome research within

ancestry, diet, and urbanization interactions for advancing precision medicine. Future
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research should explore strain-level analysis and track how urbanization affects ancestral

microbial traits in diverse populations (David et al., 2014; van der Vossen et al., 2023).

5.4. Natural community stratification suggests underlying

biological differences

The SAN population’s division into Actinobacteriota-dominant (Cluster 1) and Bacteroidota-
dominant (Cluster 2) clusters highlights the interplay between urban environmental exposures,
dietary habits, and microbial ecology. Cluster 1’s Actinobacteriota enrichment was observed
in individuals from the CSIR campus, a site characterized by industrial research facilities.
Actinobacteriota are known for their metabolic versatility in xenobiotic degradation (Carvalho
et al., 2022; Kontomina et al., 2022), which may confer resilience in environments with
bioaerosols or airborne particulates from industrial activity (Sun et al., 2023; Zampolli et al.,
2024). This aligns with findings that urban microbiomes adapt to anthropogenic stressors
through functional redundancy (Zampolli et al., 2024). While the CSIR cohort includes a
greater proportion of older adults and occupational diversity, causal links between specific
environmental factors and Actinobacteriota dominance require further investigation and

validation.

Conversely, the dominance of Bacteroidota in Cluster 2 potentially reflects a dietary pattern
associated with Westernized diets, which are typically high in processed foods (Clemente-
Suarez et al., 2023). This dietary characteristic may contribute to reduced mucosal protection
and increased inflammation, raising concerns for health management in urban settings.
Additionally, the presence of Proteobacteria and Desulfobacterota in this cluster highlights the
impact of low-fibre, high-fat diets that are prevalent in urbanized South African populations,
leading to dysbiotic states that could exacerbate gastrointestinal disorders (Ramaboli et al.,
2024; Z. Zhao et al., 2024).

The variation in microbial composition between different urban locations characterised in the
Clusters, such as CSIR in Pretoria and academic settings in Johannesburg, further illustrates
the potential significant role of microenvironmental factors. These findings may suggest that
local environmental conditions, beyond general urbanization, critically influence gut microbiota
profiles and, consequently, health outcomes (Rio et al., 2024). Additionally, Cyanobacteria
have been identified as one of the phyla present during grape must fermentation in wine
production, though their role in human gut microbiota following red wine consumption requires
further investigation to establish clear relationships (Piao et al., 2015). The critical role of these
microbial taxa in response to urban environmental pressures, dietary habits, and lifestyle
choices accentuates the need for exploring targeted interventions, aimed at reducing

urbanization-related exposures to support the resilience of beneficial microbes.
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5.5. Implications of diet, lifestyle, SES and health factors

Gut microbiota of the SAN cohort and key associations

Metabolic health Gut-brain axis mental health
-Bifidobacterium longum: Supports gut diversity short-chain fatty - Bifidobacterium adolescentis: Produces GABA, may reduce
acids (SCFAs) anxiety
- Roseburia faecis: Anti-inflammatory, beneficial for metabolism

- Dialister succinatiphilus: Linked to inflammatory bowel disease
- Phascolarctobacterium faecium: Produces SCFAs, regulates

- Bacteroides uniformis: May influence sleep quality

inflammation . . . ) )
- Prevotella / Ruminococcaceae: Linked to lipid metabolism, - Dorea longicatena: Enriched in gluten intolerance, linked to
obesity bloating

Diet-related bacteria
- Bacteroides plebeius: Degrades complex polysaccharides

(plant-based diet)
- Lactobacillus sakei / Lactobacillus plantarum: Enriched in

vegetarian diets

- Bacteroides eggerthii: Found in herbal supplement users,
reduces inflammation
- Odoribacter splanchnicus: Anti-inflammatory, anti-cancer

- Bifidobacterium bifidum: Enriched in gluten-free diets, supports properties o ) o
gut lining - Alistipes putredinis: Linked to slow transit constipation
- Collinsella intestinalis / Blautia obeum: Linked to lactose - Bacteroides stercoris: Depleted in celiac disease,
intolerance anti-inflammatory

Environmental lifestyle factors

- Turicibacter sanguinis / Blautia stercoris: Linked to white wine consumption

- Desulfovibrio piger Clostridium aldenense: Found in gas heating users

- Parabacteroides merdae: Enriched in cat owners, linked to heart health

- Mediterraneibacter glycyrrhizinilyticus / Anaerostipes rhamnosivorans: Found in
high alcohol consumers

Figure 5.5 Key gut microbiome findings and associations of taxa with diet, lifestyle,
socioeconomic status and health variables.

i. SES variables

In our urban professional South African population, SES variables differentially associated
with gut microbial taxa. Dialister invisus, typically linked to lower SES in high-income countries
(Kwak et al., 2024), was paradoxically enriched in higher-income individuals, suggesting
context-specific dietary habits may drive this reversal. Fusobacterium gonidiaformans,
previously associated with low SES in Chinese populations (Yeoh et al., 2020), aligned with
lower-income groups, potentially reflecting delayed infection management. Anaerostipes
caccae was depleted in lower-SES individuals, consistent with global patterns where

processed diets dominate (Li et al., 2024).

Household income emerged as the strongest predictor of microbial functional variation in
PICRUSt2 (R2 = 9.5 x 102, p-value = 2.8 x 10-?), though this association didn't persist after
FDR correction (FDR = 0.2). The stronger association in PICRUSt2 versus HUMANN3
suggests methodological differences in capturing income-related shifts (Douglas et al., 2020;

Kwak et al., 2024). The "middle income males" subgroup drove the relationship between
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income and gender, potentially reflecting reduced dietary diversity in lower income groups
(Bowyer et al., 2019).

Public transport users exhibited significantly higher Shannon diversity (p-value = 1.5 x 10-?)
with enrichment of Clostridium scindens and Phascolarctobacterium succinatutens (p-value =
7.7 x 10%). In low-income households, transport costs may redirect funds from fresh to
processed foods, favouring C. scindens — a bile acid transformer linked to high-fat metabolism
(Knipe & Krygsman, 2024; Ridlon et al., 2015). P. succinatutens, a succinate-utilizing
commensal, relies on microbially derived succinate from transit-associated taxa (Bucher-
Johannessen et al., 2024; Watanabe, 2011). This paradox — higher diversity alongside
depletion of beneficial taxa — highlights how public transport exposure may introduce
environmental microbes without offsetting structural inequities in metabolic health (Nagao-
Kitamoto et al., 2020).

Private transport users showed enrichment of Blautia caecimuris (p = 7.7 x 103) and
Bacteroides/Prevotella enterotypes, potentially reflecting reduced environmental microbial

exposure (Gorvitovskaia et al., 2016; Lagkouvardos et al., 2016; Weiss et al., 2023).

Functionally, public transport use associated strongly with the "Phosphotransferase system"
(PTS) pathway (BH adjusted p-value = 2.1 x 10-?), a carbohydrate uptake system critical for
microbial competition. This pathway is overexpressed in obese individuals, reflecting its role
in carbohydrate breakdown and pathogen virulence (Palmas et al., 2021). A murine model
demonstrated that Western diets enrich PTS activity (Turnbaugh et al., 2008). SES analysis
revealed public transport users were less likely to be normal weight, suggesting potential links

between transport mode, PTS pathways, and metabolic health.
ii. Diet variables

High-protein diets showed enrichment of Eubacterium rectale (p = 4.2 x 10-?) and Absiella argi
(p = 6.6 x 104, LDA > 3). E. rectale, typically associated with carbohydrate metabolism, may
demonstrate metabolic flexibility under protein-rich conditions (Adrian et al., 2023), though this
contrasts with rodent studies where high-protein diets reduced Roseburia/Eubacterium
abundance, correlating with diminished butyrate and increased inflammation (Mu et al., 2017;
Russell et al., 2011). Absiella argi showed strong protein intake associations though its
functional role remains unclear (Paek et al., 2017). These findings align with evidence that
protein-centric diets favour taxa capable of metabolizing amino acids, often at the expense of

saccharolytic species (David et al., 2014).

Page 200 of 253



Dairy consumers demonstrated higher Shannon diversity (p = 5.0 x 10?) and elevated
Actinobacteria abundance (p = 2.8 x 10-2), consistent with studies linking dairy intake to
Bifidobacterium enrichment via lactose and galacto-oligosaccharides (Aslam et al., 2021; Lau
etal., 2018; Oduaran et al., 2020). In urban professionals, processed dairy may favour broader
Actinobacteria proliferation beyond Bifidobacterium (Lee et al., 2016). Reduced diversity in
non-consumers aligns with diminished prebiotic substrates, though cardiometabolic

implications require further investigation (Shuai et al., 2021).

Individuals excluding refined sugars showed enrichment of Bacteroides plebeius (p = 4.7 %
10-2), a gut symbiont specialized in degrading complex polysaccharides. B. plebeius thrives in
low-sugar, high-fibre environments due to its genomic abundance of enzymes targeting
indigestible plant polysaccharides (Yun et al., 2021). The paradoxical association with S.
aureus infection pathways (adj. p = 3.8 x 10?) could stem from B. plebeius overgrowth
alongside reduced diversity, potentially weakening colonization resistance against

opportunistic pathogens (Liu et al., 2024).

Gluten-free diets associated with Bifidobacterium bifidum enrichment (P = 1.4 x 107),
potentially reflecting reduced gliadin-triggered inflammation (de Almeida et al., 2020) or
increased prebiotic-rich alternatives (Xiao et al., 2024). Enrichment of "histidine metabolism"
and "aromatic amino acid biosynthesis" pathways (adj. p = 1.7 x 10-2) suggests microbial
adaptation to reduced nitrogen availability, as gluten-free diets often prompt gut microbes to

upregulate amino acid synthesis pathways (Bonder et al., 2016; Hansen et al., 2018).

Non-omnivorous diets associated with Lactobacillus sakei and Lactobacillus plantarum (p-
value = 2.8 x 104). L. sakei, though traditionally linked to meat fermentation, may reflect
consumption of fermented vegetables where it inhibits pathogens and modulates metabolic
health (Lim et al., 2020; Won et al., 2020). L. plantarum encodes enzymes that metabolize
indigestible fibres prevalent in plant-based diets (David et al., 2014; Garcia-Gonzalez et al.,
2022) and mitigates oxidative stress (Gupta et al., 2024). Sphingolipid metabolism enrichment
(adj. p = 7.1 x 10-%) aligns with plant-based diets' reliance on microbial-derived sphingolipids,
supporting mucosal integrity (Lee et al., 2021; Rohrhofer et al., 2021). The ALS pathway
association (adj. p-value = 7.1 x 10-) reflects altered sphingolipid-driven neuroinflammatory
crosstalk, as ALS patients have been shown to exhibit reduced butyrate producers and
dysregulated lipid metabolism (Berding et al., 2021; Boddy et al., 2021; McGrattan et al.,
2022).

iiii. Lifestyle variables

Lifestyle factors significantly shaped gut microbiome composition. Gas heating users showed

enrichment of Desulfovibrio piger and Clostridium aldenense. D. piger, a sulphate-reducing
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bacterium, likely thrives from trace sulphur compounds released by LPG combustion
(Kalantar-Zadeh et al., 2019; Kushkevych et al., 2019). Though associated with harmful
hydrogen sulphide production (Pimentel et al., 2013), its co-occurrence with commensals
suggests context-dependent roles. Similarly, multivitamin users exhibited reduced alpha
diversity (p-value = 9.0 x 10-3), paralleling findings where high vitamin D intake suppressed
microbial richness (Mandal et al., 2016), suggesting selective pressures from both

environmental inputs and dietary supplements.

Herbal supplement use associated with significant beta diversity shifts (PERMANOVA p-value
= 4.7 x 10?), enriching Bacteroides eggerthii and a Bacteroides-dominant enterotype.
Polysaccharide and polyphenol-rich herbal compounds selectively promote Bacteroides
species (Karim et al., 2023; Lyu et al., 2017). B. eggerthii abundance correlates with reduced
inflammation and improved gut barrier integrity (Shinde & Deokar, 2024), potentially explaining
therapeutic efficacy in gastrointestinal disorders (Lv et al., 2017). Cat ownership associated
with Parabacteroides merdae enrichment, possibly through cross-species microbial exchange
(Jha et al., 2020). While pet ownership doesn't significantly alter overall gut diversity, specific
taxa including Parabacteroides may be differentially abundant in owners (Kates et al., 2020).
P. merdae, linked to cardiovascular protection via BCAA catabolism (Qiao et al., 2022), could

colonize human hosts from shared environments.

Nail biting linked to differential abundance of Odoribacter splanchnicus, an anti-inflammatory
commensal (Hiippala et al., 2020; Oh et al., 2021). This behaviour may introduce oral
pathogens competing with O. splanchnicus (Lima et al., 2021; Vyas, 2017). Bacteroides
uniformis may influence sleep quality through SCFA production and gut-brain axis interactions
(Seong et al., 2024), though context-dependent effects exist, as higher gut diversity correlates
with better sleep but elevated SCFAs in older adults associate with poorer sleep quality
(Holingue et al., 2021; Smith et al., 2019). White wine consumption linked to Turicibacter
sanguinis and Blautia stercoris. T. sanguinis shows dose-dependent responses — enriched in
heavy drinkers (Wang et al., 2023) but reduced with low-dose consumption (Lee et al., 2020).
Blautia species increase with moderate beer and wine intake, correlating with beneficial
metabolic effects (Gonzalez-Zancada et al., 2020; Ozato et al., 2019). Higher alcohol
consumption (24 servings weekly) increased Mediterraneibacter glycyrrhizinilyticus, which
produces hepatoprotective compounds (Chigurupati et al., 2018; Sakuma et al., 2013), and
Anaerostipes rhamnosivorans, which may enhance protective butyrate production (Bui et al.,
2021).

Exercise enriched Sutterella wadsworthensis and Victivallis vadensis. S. wadsworthensis is

more abundant in resistance athletes, likely due to bile resistance (Jang et al., 2019;
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Mukhopadhya et al., 2011). While linked to IgA degradation in IBD (Kaakoush, 2020), it may
play commensal roles under exercise-induced anti-inflammatory conditions (Varghese et al.,
2024). Aerobic exercise increases Bacteroides abundance, potentially enriching B.
massiliensis (Morita et al., 2019), while sedentary lifestyles may favour P. distasonis, which

thrives in inflammatory conditions linked to inactivity (Cullen et al., 2023; Ezeji et al., 2021).

Post-antibiotic gut microbiota showed Bacteroides species persistence, likely due to tetQ
resistance genes (Veloo et al., 2019; Wexler, 2007) and metabolic adaptations (Nilson et al.,
2024). Erysipelatoclostridium ramosum exhibits resistance to certain antibiotics (Milosavljevic
et al.,, 2021), while Adlercreutzia equolifaciens, which has anti-inflammatory properties,

appears vulnerable to depletion (Ofiate et al., 2023).

Cosmetics use correlated with apoptosis/cancer-related pathways, potentially reflecting
bioactive ingredients like blueberry anthocyanins and chlorogenic acid. These compounds
induce apoptosis, reduce oxidative stress, and regulate inflammatory cytokines (Huang et al.,
2023; Wang et al., 2022). The gut-skin axis may mediate these effects (Beri, 2018), possibly
through microbial metabolites with apoptotic activity (Altonsy et al., 2010; Saiki et al., 2021) or

cyanobacterial compounds with cytotoxic potential (Kalaimathi et al., 2023).
iv. Health variables

Health conditions exhibited significant microbial associations. Food allergies altered beta
diversity (P = 4.2 x 107?), with enrichment of Bacteroides coprocola and Bifidobacterium
catenulatum. B. coprocola's sensitivity to sodium nitrite suggests its overgrowth could stem
from selective survival with dietary preservatives (Hrncirova et al., 2019), aligning with its
association with ADHD in refined grain consumers (Wang et al., 2020). B. catenulatum'’s
enrichment contrasts with its role as a common commensal in healthy adults (Ishikawa et al.,
2013; Prasanna et al., 2014). While thriving in gluten-rich media (Caminero et al., 2014), its
early-life association with allergy predisposition (Melli et al., 2016) suggests a dual role —
protective in fibre-rich contexts but potentially pro-inflammatory in gluten-sensitive individuals.
B. coprocola's link to Crohn's disease raises concerns about exacerbating mucosal

inflammation (Hrncirova et al., 2019).

Lactose intolerant individuals showed enrichment of Collinsella intestinalis and Blautia obeum.
GOS supplementation in lactose intolerant patients reduced symptoms and increased
Collinsella abundance, suggesting enhancement of saccharolytic potential (Azcarate-Peril et
al., 2021). Collinsella thrives with oligosaccharides, potentially aiding residual carbohydrate
fermentation (Chey et al., 2020). Blautia shows conflicting associations — enriched in lactose
mal-absorbers but identified as a risk factor for gluten-related disorders (Han et al., 2024; Li

et al., 2018). Host-specific colonization patterns further complicate its relationship with lactose
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intolerance (Eren et al., 2014; Xue et al., 2024). Bacteroides stercoris enrichment in gluten
intolerance suggests a paradoxical role. Typically associated with anti-inflammatory properties
(Chung et al., 2016), its enrichment in celiac disease may reflect compensatory growth in
response to gluten-induced dysbiosis (Girdhar et al., 2023). Dorea longicatena's enrichment
contrasts with its typical hydrogen cross-feeding in healthy networks (Hansen et al., 2018),
where its hydrogen production may worsen symptoms like bloating. This highlights B.
stercoris's context-dependent ecology — its pectin-degrading role may be overshadowed by

inflammation-driven substrate shifts (Girdhar et al., 2023).

Alistipes putredinis enrichment in slow transit constipation (STC) (Tian et al., 2022) highlights
its complex role in gut motility. Despite association with butanoate metabolism, its elevation in
STC contrasts with depletion in IBS (Gryaznova et al., 2024). A. putredinis abundance
correlates with longer transit times in healthy individuals (Asnicar et al., 2021), suggesting a
shift from benign commensal to potential dysbiotic marker in pathological constipation.
Roseburia depletion in STC (Tian et al., 2022) may worsen constipation by reducing butyrate.
Laxative use reduces A. putredinis abundance (Liu et al., 2022), raising questions about

causality in slowed transit.

Xenobiotics degradation pathways enrichment (adj. p = 7.4 x 103) highlights the gut
microbiome's adaptive role in metabolizing environmental stressors. B. coprocola may
metabolize preservatives, reducing exposure to harmful byproducts (Hrncirova et al., 2019).
B. catenulatum may degrade allergenic compounds despite its allergy associations (Caminero
et al., 2014; Melli et al., 2016). Parabacteroides merdae, linked to BCAA catabolism (Qiao et
al., 2022), could enhance detoxification, while A. putredinis may mitigate oxidative stress
through butyrate production (Tian et al., 2022). However, reliance on these pathways may
reduce diversity or deplete commensals like Roseburia, potentially exacerbating conditions

like constipation or food allergies.

5.6. Longitudinal analysis reveals temporal dynamics of a core yet

variable microbiome

The longitudinal analysis of the urban South African population revealed pronounced inter-
individual variability and subject-specific temporal dynamics in taxonomic composition,
contrasting with a functionally stable microbiome dominated by conserved metabolic pathways
— a pattern aligning with global studies of industrialized populations (Lloyd-Price et al., 2017;
Olsson et al.,, 2022). It is important to interpret this in the context that second sample
collections ranged from 7 — 24 months and given the small sample size (n = 22) we retained
all samples without adjustment for this aspect to maintain statistical power. However, prior

research has highlighted dynamic compositional and functional changes can occur from 6
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months (Mehta et al., 2018; Han et al., 2022). Additionally, the alignment to the industrialised
population research above enables the extrapolation of potentially relevant taxa and functional

dynamics over time in the SAN population.

While core phyla (Firmicutes, Bacteroidota) remained stable, species-level shifts in taxa like
Blautia and Bacteroides thetaiotaomicron mirrored diet- and urbanization-associated
fluctuations observed in Western cohorts (Severino et al., 2024; van der Vossen et al., 2023).
For example, Subject 287 exhibited marked taxonomic restructuring post-pregnancy, including
weight normalization and reduced BMI, aligning with known pregnancy-related microbiome
shifts (Koren et al., 2012), while Subject 199’s antibiotic-driven dysbiosis reflects medication-
induced volatility observed in industrialized populations (Smits et al., 2017). These individual
trajectories, visualized via PCoA, highlight how life events and medical interventions drive
taxonomic volatility despite functional resilience.The limited core microbiome at species level
(e.g., only one genus and species at 95% prevalence) diverges from non-industrialized
populations, which retain richer, stable cores (Smits et al., 2017). However, Subject 188’s
adoption of gas heating and vitamin supplementation — factors linked to Alistipes putredinis
enrichment in transitional cohorts (Tian et al., 2022) — stresses urbanization’s role in eroding
conserved microbial patterns. This contrasts with Gacesa et al.’s (2022) identification of nine
core species (e.g., Bacteroides uniformis, Faecalibacterium prausnitzii) across global
populations, suggesting urbanization may disrupt universal microbial signatures which are

also challenging to observe in smaller cohorts.

Functional redundancy, evidenced by stable KEGG pathways (82% core at 95% prevalence)
despite taxonomic volatility, echoes the “functional resilience” hypothesis (Moya & Ferrer,
2016). Variable carbohydrate metabolism pathways align with Subject 276’s improved bowel
movements post-constipation, reflecting metabolic adaptability to urban diets rich in processed
substrates (David et al., 2014). However, the cohort’s high intra-individual Bray-Curtis
dissimilarity exceeds long-term Western studies, potentially reflecting competing influences in
diverse urban environments (Faith et al., 2013). For instance, intermittent traditional dietary
practices — suggested by Subject 276’s travel frequency — may transiently stabilize
communities, creating hybrid ecologies where functional stability coexists with compositional
volatility (Vangay et al., 2018; Ramaboli et al., 2024).

Notably, among the most temporally stable functions we observed were ATP-binding cassette
(ABC) transporters. ABC transporters are central to microbial nutrient acquisition, bile acid
and lipid handling, and xenobiotic efflux in the gut ecosystem — processes that are particularly
relevant in urban environments characterized by processed diets, medication exposure, and

household/occupational pollutants. Prior work shows microbiome-host crosstalk around bile
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acids and lipid metabolism is tightly linked to insulin sensitivity and cardiometabolic risk via
FXR and TGRS signalling pathways (Sayin et al., 2013; Thomas et al., 2009), while ABC
transport systems facilitate microbial survival under fluctuating nutrient and xenobiotic loads
typical of urban lifestyles (Orelle et al., 2019). Thus, the persistence of ABC transporter activity
likely reflects a conserved functional backbone that buffers day-to-day environmental variation

in an urban professional setting.

In contrast to the transporter core, several high-abundance but temporally variable functions
mapped to carbohydrate acquisition/processing and host-glycan turnover (e.g., PTS
cellobiose systems; 6 phospho B glucosidase; hexosaminidase). These pathways signal
flexibility in utilizing refined carbohydrates and plant polysaccharides — dietary features that
can oscillate in urban professionals due to irregular meal timing, convenience foods, and
hybrid traditional-Western dietary patterns. Such PTS/carbohydrate-active pathways are
repeatedly linked to glycaemic control and adiposity (David et al., 2014; Kovatcheva Datchary
et al., 2015), and hexosaminidase-mediated amino-sugar and glycosaminoglycan metabolism
interfaces with sphingolipid/glycosphingolipid biosynthesis, pathways implicated in insulin
resistance and cardiometabolic risk (Feingold & Grunfeld, 2011; Chaurasia & Summers,
2015). Importantly, in African-origin cohorts, microbial functional signatures tied to butyrate
synthesis routes and LPS biosynthesis have been associated with higher cardiometabolic risk
(Fei et al., 2019), underscoring why these variable carbohydrate and host-glycan functions

merit attention in an urban South African context.

Additional cell-surface remodelling functions (e.g., wcad/colanic acid biosynthesis) and
pectin/rhamnogalacturonan degradation enzymes (yteR/yesR; yesW) point to biofilm/mucus-
layer interactions and the capacity to exploit plant fibres. Colanic acid and exopolysaccharide
assembly can modulate biofilm formation and barrier interactions (Bharathi et al., 2023),
factors tied to gut permeability and low-grade inflammation relevant for cardiometabolic health
(Campos-Bayardo et al., 2025). Meanwhile, pectin/rhamnogalacturonan-degrading activities
are consistent with mixed fiber intake and have been associated with SCFA production and
metabolic benefits when diets are plant-forward (Makki et al., 2018). Together, these variable
functions provide plausible mechanistic links between urban dietary heterogeneity and

fluctuations in metabolic and inflammatory tone in professional populations.

The scarcity of persistent species contrasts with functional stability, highlighting
methodological limitations: 16S-based inferences mask strain-level adaptations critical for
resolving true redundancy (Heintz-Buschart & Wilmes, 2018). Sparse sampling (two samples
collected with ~1 year between timepoints) further limits resolution of transient fluctuations, as

seen in Subject 199’s antibiotic use and Subject 188’s air pollution exposure. Future work

Page 206 of 253



should integrate metagenomics and metabolomics to disentangle strain-level adaptations and

link taxa like Alistipes putredinis to functional outcomes in this understudied population.

5.7. Revealing the broader landscape

Diversity across resolution and taxonomic divergence

The SAN population’s distinct microbial diversity patterns reflect both demographic and
methodological influences. Compared to AWIGEN1 — a rural-urban African cohort with diverse
SES facing distinct lifestyle and dietary pressures — the SAN population comprises urban
professionals, likely with higher SES and homogenized urban exposures. These demographic
divergences alone could explain reduced SAN phylum-level diversity relative to AWIGEN1.
Methodologically, SAN’s full-length 16S sequencing may under-detect low-abundance
species compared to AWIGEN1/AGP’s shotgun sequencing (Yue et al., 2023), though cross-
platform normalization partially mitigates this (Franzosa et al., 2015). Thus, observed
differences likely arise from both ecological (SES, urbanization) and technical (sequencing
depth, platform) factors. The spectrum of microbiome profiles across different populations

reveals how urbanization and lifestyle factors shape bacterial community structures.

Microbiome profile spectrum and influential factors across global and local South African cohorts

Dutch Microbiome Project Urban Xhosa SAN Soweto-Bushbuckridge
(This study)

Bacteroides Bacteroides Bacteroides Bacteroides

Alistipes Alistipes Alistipes Prevotella
Faecalibacteria Prevotella Bifidobacteria Treponema
_ Lachnoclostridia Faecalibacteria Anaeroplasma
Subdoligranulum _ _ Succinivibrio
Oscillibacter Bilophila Oscillibacter

Faecalibacteria

Low diversity Moderate diversity Moderate-high diversity High diversity

Influential factors

g High animal protein e Western transition g Mixed Western/traditional 0 More traditional foods
0 Highly urbanized 0 Urban setting 0 Urban Professional @ Mixed urban/rural
@ High medication use 0 High antibiotic use 0 High antibiotic use 0 Increasing medication use
@ Hioh NcDs (NAFLD, T2D) @) High NCDs (CRC, T2D) ) Moderate NCDs (GERD, Thyroid)g) Increasing NCDs
Western Urban Urban Professional Urban-Rural
(Industrialized) (Urban Xhosa) (SAN - This study) (AWI-Gen1)

Westernization Spectrum

Legend: ©® Diet @ Urbanization (@) Medication @) Health/disease risk
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Figure 5.6 Microbiome profile spectrum and influential factors across global and local South
African cohorts. Microbial compositional profiles (dominant taxa and diversity) and associated
influential factors (diet, urbanization, medication use, and health/disease risk) are compared
across cohorts positioned along the Western-to-Rural microbiome spectrum. The SAN
population (this study) occupies an intermediate position, highlighting its unique combination
of moderate-high diversity, mixed Western/traditional dietary habits, high antibiotic exposure,
and moderate NCD prevalence, distinguishing it from highly Westernized (Dutch Microbiome
Project) and more traditional rural cohorts (Urban-Rural AWI-Gen1). This framework highlights
the SAN population's novelty as a microbiome model for understanding urbanization's complex
transition dynamics and associated NCD risks in South Africa.

Figure 5.6 positions the SAN population within a westernization spectrum of microbiome
profiles across South African and global cohorts. The SAN population occupies an
intermediate “Urban Professional” niche with moderate-high diversity, characterized by
notable presence of Bacteroides, Alistipes, Bifidobacteria, Faecalibacteria, and Akkermansia.
This transitional position is potentially driven by specific influential factors: mixed
Western/traditional diet, urban professional lifestyle, high antibiotic use, and moderate NCDs
prevalence. The figure contextualizes how the SAN population bridges the gap between
Western industrialized microbiomes (Dutch Microbiome Project) and traditional profiles
(Soweto-Bushbuckridge), providing a framework for further understanding the subsequent

taxonomic analyses.

At the genus level, SAN’s intermediate diversity aligns with transitional populations retaining
microbial complexity despite urban homogenization pressures, as seen in African cohorts
adopting hybrid diets (Smits et al., 2017). However, Smits et al. focused on transitions in non-
urban populations, whereas SAN’s urban professionals may face distinct lifestyle stressors
(e.g., processed diets, sedentary work) that dampen microbial richness, suggesting regional
urbanization dynamics are not universally generalisable (Vangay et al., 2018; Ramaboli et al.,
2024).

Species-level findings further highlight methodological and ecological constraints for
exploration. SAN 16S sequencing detected a lower unique species count than AGP/AWIGEN1
(Chapter 4.7.2), though similar Shannon diversity implies comparable evenness in detected
communities (Quince et al., 2017). This suggests that while SAN harbours fewer taxa overall
(lower richness), the relative abundance of detected species (evenness) is similar to
AGP/AWIGEN1. Beta diversity trends reinforce SAN’s uniqueness, with pronounced
separation from AGP/AWIGEN1 at all taxonomic levels. This mirrors global studies where
urbanization drives divergent microbiomes, yet SAN’s species-level distinctiveness (27.9%
variance in PCoA) exceeds typical urban signatures, potentially reflecting unmeasured

lifestyle or environmental factors (Gupta et al., 2020).
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The SAN population microbiome marked by reduced phylum diversity, transitional genus
profiles, and species-level distinctiveness, occupies an intermediate niche between
Westernized and rural African populations. While methodological disparities (16S vs. shotgun)
limit direct comparisons, the cohort’s divergence at finer taxonomic resolutions suggests
unique ecological drivers, such as those highlighted in the prior discussion sections (e.g.

stratifying cluster-associated features) and Figure 5.6, warranting deeper exploration.

The SAN study population includes a diverse mix of ancestries, with a majority of European
ancestry (~60%), introducing a non-African ancestry component that is not present in the
AWIGEN1 and urban Xhosa cohorts (which comprise exclusively African ancestry
participants). While prior work suggests genetic ancestry contributes minimally to gut
microbiome composition (Gacesa et al., 2022; He et al., 2018; Rothschild et al., 2018), this
compositional difference in ancestry may nonetheless be a contextual factor when interpreting
cross-cohort differences within African studies. The SAN population’s elevated Bacteroidetes
and reduced Firmicutes compared to AWIGEN1 diverges from typical urbanization trends,
where Firmicutes dominance is common (Sonnenburg et al., 2016). Full-length 16S’s ability
to resolve species like Parabacteroides distasonis and Odoribacter splanchnicus reduces
"unclassified species" biases but still misses strain-level novelty captured by shotgun
sequencing (Truong et al., 2017). For instance, SAN’s lower Proteobacteria vs. AGP may
reflect shotgun’s sensitivity to low-abundance pathobionts, while full-length 16S’s precision

avoids primer bias for Bacteroidetes (Lloyd-Price et al., 2019; Johnson et al., 2019).

MAG analysis to bridge platforms

The MAG analysis of the SAN population’s shotgun data revealed high average nucleotide
identity (ANI > 95%) to existing reference genomes, indicating limited novel species recovery
compared to non-Western populations (Pasolli et al., 2019). In total, n = 258 MAGs were
recovered from the SAN population, of which approximately half (~ 54%) were classified as
high-quality, confirming the robustness of these genomes for downstream comparative
analyses (Figure 4.48). Interestingly, despite the robust MAG reconstruction and stringent
quality thresholds applied, FastANI comparisons against the GTDB revealed no substantial
novelty, with all genomes aligning closely (97 — 98% identity) to previously characterized

species (Supplementary S4.17, Figure 4.52A).

This contrasts with studies of larger urban-rural African cohorts, where shotgun sequencing
uncovered novel prokaryotic genomes, many of which fell under the Actinobacteria phylum
(Actinomycetota), as well as those with unique host-disease adaptations (Maghini et al., 2025).
The lack of novelty in SAN’s MAGs may reflect the small cohort size compared to the > 1,800

women from Maghini et al. (2025), who were recruited from considerably more heterogeneous
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environments, including both urban and rural settings, potentially capturing broader ecological
niches and host-microbiome interactions. Furthermore, higher sequencing depths and
methodological variations in optimising the metagenome assembly pipelines for this data
employed by Maghini et al. (2025), such as deeper coverage per sample, could enhance the
detection of rare and novel microbial variants that may have been missed in the SAN
population due to relatively limited sequencing depth. Socioeconomic factors, including dietary
diversity, exposure to antibiotics, and lifestyle differences between more industrialized versus
rural populations, may also contribute significantly to these observed differences in microbial

diversity and novelty.

In addition to urbanization-driven homogenization, where niche industrialized lifestyles may
erode region-specific microbial diversity, these technical and socioeconomic factors
collectively elucidate the importance of sampling strategy, sequencing methodology, and
cohort heterogeneity when interpreting microbial novelty within populations. Although shotgun
metagenomic data enabled MAG reconstruction and insight into strain-level genomic content,
long-read 16S — despite its improved taxonomic resolution — cannot capture the accessory
gene content critical for understanding functional adaptation within specific niches (Sczyrba et
al., 2017). Thus, while SAN's MAGs validate taxonomic trends (e.g., Actinomycetota
enrichment), their functional novelty remains constrained compared to less urbanized African

populations.

Functional profiling and concordance

Moderate to strong correlations between SAN's PICRUSt2 (16S long-read) and
AGP/AWIGEN1T's HUMANNS3 (shotgun) functional predictions reflect 16S's capacity to
approximate core metabolic pathways while revealing methodological biases (Franzosa et al.,
2018). PICRUSt2 systematically overestimates nucleotide synthesis pathways compared to
HUMANNS3, a discrepancy partially mitigated by long-read sequencing (Ye et al., 2019). This
bias may artificially inflate SAN's apparent enrichment in central carbon metabolism pathways,
which appeared 1-2 orders of magnitude higher than in AGP/AWIGEN1. Conversely,
PICRUSt2's poor resolution of lipid and cell wall metabolism likely explains SAN's lower
predicted abundances of CMP-pseudaminate biosynthesis and fatty acid initiation (Douglas et
al., 2020).

Within-cohort comparisons show PICRUSt2 identified only 349 metabolic pathways versus
791 with HUMANNS3, with approximately 33.3% overlap. PICRUSt2 uniquely predicted 64
pathways absent from HUMANNS, while HUMANN3 uniquely detected 506 pathways. Among
285 commonly detected pathways, abundance estimates showed only moderate correlation

(r = 0.6), with increasing divergence at lower abundances.

Page 210 of 253



Cohort divergences reflect ecological differences — AGP's elevated amino acid and xenobiotic
degradation pathways align with Westernized microbiomes adapted to processed diets, while
AWIGEN1's starch degradation enrichment mirrors urban-transitional African populations
retaining high-fibre diets (Heinken et al., 2021; Smits et al., 2017). These interpretations are

constrained by 16S's inability to resolve strain-specific functions (Nayfach et al., 2016).

SAN's distinct profile — high Bacteroides and low Proteobacteria — reflects a hybrid ecology
shaped by urban diets with potential intermittent traditional exposures (Ramaboli et al., 2024).
While full-length 16S provides superior taxonomic resolution over short-read approaches, it
cannot replace shotgun sequencing for functional insights. SAN's hybrid profile -
taxonomically distinct yet functionally convergent — emphasizes urbanization's nuanced
impacts. Future studies should integrate long-read 16S for taxonomic precision and shotgun

sequencing for functional resolution, as advocated in recent critiques (McDonald et al., 2024).

5.8. Future directions for research

The findings from this study lay the groundwork for several promising research directions that
could further enhance our understanding of the urban African microbiome. By addressing gaps
in niche population-specific insights, clinical translation, and methodological innovation, future
studies can build on these results to unravel the complex interplay between urbanization, host

biology, and microbial profiles.

Population-specific investigations

While rural-urban comparisons remain valuable, the SAN population’s primary strength lies in
its capacity to elucidate intra-population heterogeneity among urban professionals — a critical
gap given South Africa’s rising NCD burden linked to urbanization (Statistics South Africa,
2023). To advance this, future studies should expand to other urban professional cohorts (e.g.,
university staff in Cape Town, healthcare workers in Durban) to disentangle how
microenvironments — such as workplace dietary policies, pollution exposure gradients, or
socioeconomic stratification within cities — drive microbiome variation. For instance, private
hospital employees in Johannesburg may exhibit distinct microbial profiles compared to
public-sector workers due to divergent cafeteria diets, stress levels, or antibiotic prescription
practices, mirroring SES-linked dysbiosis observed in U.S. healthcare cohorts (Dai et al.,
2024). Similarly, comparing professionals across industries (e.g., mining vs. academia) could
clarify occupational exposures (e.g., heavy metals, sedentary routines) that modulate NCD-
associated taxa like Bacteroides or Prevotella and various others (Shivani et al., 2021; Wilkins
et al., 2019).

Such intra-urban profiling would complement the SAN population’s findings — where Prevotella

enrichment correlated with processed carbohydrate intake — by identifying localized drivers of
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microbial shifts that precede NCD onset. For example, hypertension-linked Collinsella may
disproportionately colonize professionals in high-stress, low-physical-activity sectors, offering
actionable targets for workplace wellness programs (Clemente-Suarez et al., 2023).
Importantly, harmonizing methodologies across institutions (e.g., standardized dietary
surveys, metabolomic profiling) will enable meta-analyses to disentangle universal urban
stressors from culturally unique factors shaping microbiome-NCD linkages in South Africa
(Kim et al., 2020).

Longitudinal studies are essential to resolve the temporal dynamics hinted at by the limited
SAN subset (n = 22). While taxonomic profiles showed significant intra-individual variation,
functional pathways remained stable, suggesting a "core" metabolic resilience despite
fluctuating species composition. Larger longitudinal cohorts can track how life events (e.g.,
migration, seasonal dietary shifts) alter this balance in rapidly urbanizing settings. Integrating
metabolomics to profile short-chain fatty acids or bile acids alongside microbial data could
reveal how functional stability buffers against taxonomic disruption (Muller et al., 2024). Multi-
omics approaches must expand beyond 16S and shotgun metagenomics.
Metatranscriptomics for example could clarify whether the S. aureus infection pathway
enrichment in low-sugar diets reflects active pathogen transcription or residual DNA signals.
Similarly, metabolomic profiling of urban populations could link functional pathways like

nitrotoluene degradation to specific xenobiotic exposures (Priya et al., 2022).

Clinical applications

The urban professional South African population reveals microbiome signatures with direct
translational potential. For instance, Bacteroides stercoris enrichment in gluten intolerance
(Girdhar et al., 2023) and Alistipes putredinis in constipation (Tian et al., 2022) could serve as
biomarkers for personalized diagnostics. Machine learning models trained on these taxa,
alongside lifestyle metadata (e.g., refined sugar avoidance linked to Bacteroides plebeius),
may stratify risk for conditions like IBS or food allergies, which showed subthreshold
associations in this cohort. However, population-specificity remains a hurdle:
while Faecalibacterium prausnitzii is a well-established biomarker for IBD in Western cohorts
(Sokol et al., 2008), South African urban professionals exhibit distinct signatures
(e.g., Prevotella stercorea enrichment in males), necessitating validation in African-centric

cohorts to avoid misapplication of Eurocentric references.

Therapeutic strategies should leverage modifiable lifestyle-microbiome interactions. The
enrichment of Lactobacillus plantarumin non-omnivorous diets suggests probiotic
formulations could mimic plant-rich dietary benefits in urban populations with limited fibre

access, akin to interventions reducing heavy metal toxicity via Bacillus megaterium (Simon et

Page 212 of 253



al., 2023). Similarly, the association between cosmetics use and apoptosis pathways warrants
trials testing whether reducing skincare product exposure alters Cutibacterium
acnes dynamics in acne, as proposed for pollution-induced dysbiosis (Rio et al., 2024). Public
health initiatives could prioritize urban gardening to boost dietary fibre intake, countering the
low Roseburia abundance linked to processed diets, while campaigns targeting refined sugar

might restore Bacteroides plebeius-mediated polysaccharide metabolism.

Methodological advancements

Causal inference frameworks, such as Mendelian randomization, are essential to disentangle
whether microbiome alterations drive conditions like lactose intolerance (e.g., Collinsella
intestinalis enrichment) or merely reflect immune-mediated dysregulation. While traditional
microbiome studies predominantly rely on community structure assessments (e.g., 16S rRNA
sequencing) or gene abundance estimations (shotgun metagenomics), these methods alone
remain inherently correlative, limiting causal inference and functional interpretation regarding
host health outcomes. Functional multi-omics analyses, such as metatranscriptomics and
metabolomics, offer deeper insights into active microbial metabolism and host-microbial
interactions, providing direct evidence linking microbial activity to host physiology (Shalon et
al., 2023).

Our SAN population analysis identified numerous microbiome-host correlations, such as the
enrichment of Dialister invisus in urban professionals with normal BMI, potentially implicating
metabolic health regulation. Similarly, taxa like Bacteroides stercoris in gluten intolerance and
Alistipes putredinis in constipation highlight possible microbiome-mediated interactions.
However, these associations, derived solely from microbial abundance data, do not definitively
indicate causal roles or distinguish taxa as active functional players versus passive biomarkers
of dietary or inflammatory contexts. Integrating metatranscriptomics could clarify whether taxa
such as Dialister invisus actively express metabolic pathways linked to BMI regulation, or

whether Bacteroides stercoris expresses inflammatory genes in gluten intolerance contexts.

Network analyses of lifestyle-associated pathways (e.g., apoptosis, xenobiotic degradation)
could pinpoint hub taxa, such as Bacteroides coprocola — known to metabolize dietary nitrites
— as mediators of urban environmental exposures (Hrncirova et al., 2019). Metabolomics
integration, particularly lipidomics, could further elucidate these relationships by identifying
microbial metabolites (e.g., short-chain fatty acids, bile acids, sulfonolipids, FAHFASs)
mediating observed health outcomes (Wang et al., 2023). For instance, our data noted Blautia
spp. enrichment linked with alcohol consumption or lactose intolerance, but without
metabolomics, we cannot confidently determine if these associations reflect beneficial or

detrimental metabolic interactions. Incorporating metabolomics could validate whether
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microbial metabolites produced by enriched taxa directly influence host physiology, thus

enabling stronger causal inference.

Technologically, long-read sequencing (PacBio) and shotgun metagenomics remain critical
for resolving species- and strain-level diversity in taxa such as Prevotella, prevalent in African
microbiomes yet poorly represented in global reference databases (Quince et al., 2017).
Additionally, deploying ingestible sampling devices could overcome stool sampling limitations,
particularly for proximal intestinal conditions like celiac disease (Shalon et al., 2023). This
approach has demonstrated substantial longitudinal and spatial microbiota variation and
underlined the necessity of complementing stool-based community analyses with

metabolomics and transcriptomics to accurately capture dynamic host-microbial interactions.

Portable sequencing technologies (e.g., Oxford Nanopore) hold promise for democratizing
antimicrobial resistance gene monitoring in low-SES urban areas, allowing real-time
assessments of antibiotic misuse impacts on taxa like Dialister succinatiphilus.
Standardization efforts must address platform disparities by harmonizing 16S and shotgun
pipelines for high-resolution species classification — such as Bifidobacterium adolescentis and
its GABA-producing pathways — which would further enhance cross-study validation.
Initiatives mirroring MIAME standards should prioritize African microbiome contexts, ensuring
protocols specifically account for high Prevotella diversity and urbanization gradients (Brazma,
2009). Although existing protocols (e.g., STORMS checklist; Mirzayi et al., 2021) have

advanced reporting standards, further methodological harmonization remains essential.

Critically, as Rio et al. (2024) emphasize, integrating exposome data — encompassing
environmental factors (pollutants, chemicals, public transport use) and individual behaviours
— with multi-omics analyses represents the next frontier of microbiome research. In our cohort,
associations between gas heating and taxa like the sulphate-reducing bacterium Desulfovibrio
piger suggest potential inflammatory implications. Yet, without integrated exposome and
metabolomics data, we remain limited to speculative interpretations regarding causality. Multi-
dimensional integration could clarify if such environmental exposures directly alter gut sulphur
metabolism pathways, influencing microbiota composition, gene expression, metabolite

production, and subsequent health outcomes.

While our cohort highlights actionable microbiome-diet-lifestyle axes, critical gaps persist.
First, validation efforts must test biomarkers such as B. stercoris in rural-to-urban transition
cohorts, distinguishing gluten-specific effects from broader dietary shifts. Second, establishing
causality — such as determining if Alistipes putredinis drives constipation or merely thrives in
slow-transit niches — demands longitudinal sampling complemented by metatranscriptomics

and metabolomics. Lastly, equity considerations remain vital. Urban professionals’ unique
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stressors (sedentary lifestyles, processed diets) limit generalizability to broader urban
landscapes and informal settlements, where pollution and malnutrition heavily influence
microbial profiles. Thus, methodological advancements beyond stool sampling and
Eurocentric reference databases, towards integrated multi-omics and exposome frameworks,

become pivotal.

In conclusion, our observed microbiome-host correlations (e.g., involving Prevotella stercorea,
Dialister invisus, Alistipes putredinis) provide compelling hypotheses regarding their functional
roles yet remain speculative without multi-omics validation. Future microbiome research must
prioritize integrative approaches: (i) metatranscriptomics: verifying active microbial gene
expression, distinguishing functional metabolic roles from DNA-based presence / absence; (ii)
metabolomics: identifying microbial metabolites mediating observed associations, enabling
clear linkage between microbial activity and host health outcomes; and (iii) exposome
integration: capturing environmental exposures (pollution, dietary preservatives, cosmetics) to
elucidate pathways driving microbiome-host interactions. Adopting this integrated analytical
paradigm transforms microbiome studies from descriptive observations towards robust causal
inference. Ultimately, integrating multi-omics and exposome data will clarify microbial
mechanisms underlying health disparities, informing targeted dietary, probiotic, and public
health interventions tailored specifically to the unique, urbanizing African contexts represented

in our SAN population.

6. Conclusion

6.1. Summary of findings

This PhD microbiome research project pioneers the exploration of the gut microbiome in an
urban professional South African population, leveraging PacBio 16S long-read sequencing to
resolve taxonomic complexity with significant precision. The study reveals a central paradox
of urbanization: microbial communities exhibit taxonomic volatility — driven by processed diets,
environmental exposures, and lifestyle stressors — while maintaining functional stability

through conserved metabolic pathways.

Key demographic patterns emerged, including age-associated Bifidobacterium depletion, sex-
specific adaptations (Prevotella stercorea in males, Bacteroides dorei in females), and
ancestry-linked microbial resilience to urban dietary shifts. Urbanization’s dual role as both
disruptor and adapter was evident in the erosion of species-level core microbiomes,
contrasting with rural African cohorts, and the enrichment of taxa like Bacteroides plebeius

under refined sugar exclusion — a hallmark of dietary transition. Health-microbiome linkages,
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such as Bacteroides stercoris enrichment in gluten intolerance and Alistipes putredinis in
constipation, highlighted context-dependent trade-offs between microbial adaptation and
dysbiosis. Methodologically, while PacBio 16S advanced rare-taxa resolution, disparities in
functional inference (e.g., PICRUSt2 overestimation of nucleotide pathways) highlighted the
irreplaceable role of shotgun metagenomics for strain-level insights. The cohort’s high intra-
individual variability, exceeding Western benchmarks, positions South Africa’s diet, lifestyle,
and SES transition as a critical model for studying urbanization’s bidirectional impacts on

microbial ecology and host health.

6.2. Contributions to the field

This work contributes to the South African gut microbiome landscape through the snapshot
characterization of a novel niche cohort. As the first in-depth study of urban professionals in
South Africa, it bridges geographic and demographic gaps, challenging the Firmicutes-
dominance narrative with a Bacteroidetes-enriched, functionally resilient profile unique to

South Africa’s hybrid lifestyles.

Methodologically, the integration of PacBio long-read sequencing with shotgun metagenomics
sets an example for resolving taxonomic complexity in underrepresented populations, while
exposing limitations in 16S-based functional inference. This approach addresses the
limitations of traditional 16S rRNA sequencing, which, while useful for taxonomic profiling,
often falls short in functional inference due to its reliance on a single gene marker. Long-read
shotgun metagenomics allows for comprehensive genomic analysis, capturing the entire
microbial community's genetic material, which facilitates both taxonomic and functional
insights (Bars-Cortina et al., 2024).

Recent studies have demonstrated that long-read sequencing can reconstruct complete
genomes, including plasmids and mobile genetic elements, which are critical for
understanding microbial ecology and evolution (Kim et al., 2024). This capability is particularly
beneficial for identifying novel metabolic pathways and functional traits that may be overlooked
by 16S-based methods, which are constrained by reference database biases and limited
taxonomic resolution (Peterson et al., 2021). Furthermore, as sequencing costs continue to
decline, the economic viability of long-read shotgun metagenomics improves, making it a more
attractive option for future research endeavours (Kim et al.,, 2024). In light of these
advancements, future studies should prioritize long-read shotgun metagenomics as the
primary sequencing strategy. This shift will not only enhance the resolution of microbial
diversity but also provide deeper insights into the functional potential of microbial communities,

ultimately leading to a more comprehensive understanding of their roles in health and disease.
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Further understanding of host-microbiome health associations amplifies their public health
relevance by providing actionable insights. Microbial signatures linked to sulphur exposure
(Desulfovibrio piger) and non-omnivorous diets (Lactobacillus plantarum) offer blueprints for
dietary and environmental interventions to curb NCDs. The “functional resilience” framework
reimagines microbial stability in transitional societies prioritizing metabolic redundancy over

taxonomic conservation — a paradigm shift for urbanization studies globally.

Crucially, this study advocates for equitable research practices, challenging Eurocentric
biases by exploring and highlighting African-centric taxonomic signatures that could support
biomarker development along with protocols, urging the adoption of inclusive databases that
represent taxa with potentially critical roles in local health contexts. By linking microbial
dysbiosis to modifiable urban stressors (e.g. processed diets, air pollution), the findings may
directly inform policy reforms, advocating for cleaner energy subsidies, workplace wellness
programs, and urban infrastructure prioritising green spaces. This work supports positioning
microbial ecology as a cornerstone of NCD prevention, potentially contributing to systemic
change in how African science serves African populations. Its significance lies not only in
forwarding South African microbiome characterization and research, but in advancing a
roadmap for equitable, evidence-based health strategies in rapidly urbanizing Africa — a

testament to the societal and scientific contribution made by this body of research.
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