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Abstract

Antimicrobial resistance (AMR) remains a critical threat to infant survival, especially in
low- and middle-income countries (LMICs). As gut colonisation by resistant pathogens
often precedes clinical infection and sepsis, understanding early-life microbiome and
resistome development is essential. This thesis characterises the longitudinal co-
development of the gut microbiome and resistome in a northern Nigerian birth cohort (n=87)
from birth to 90 days of life, investigating the impact of clinical and environmental

modulators in a resource-limited setting.

Utilising shotgun metagenomic sequencing of longitudinal faecal samples, with high-
intensity sampling during the first postnatal week, I employed Kaplan-Meier survival
analysis and covariate-adjusted regression models to quantify the timing and determinants

of antimicrobial resistance gene (ARG) acquisition.

Results revealed a rapid early acquisition of ARGs within the first week of life. Although
10% of infants carried pB-lactam or aminoglycoside ARGs at birth, prevalence rose to 90%
by day 7. Near-universal B-lactam or aminoglycoside ARG prevalence was established by
the second week, preceding most recorded infant antibiotic exposure. Taxonomic
composition was dominated early by Escherichia and Klebsiella, with delayed
Bifidobacterium colonisation in caesarean-section infants (first appearance day 14 vs days
0-7 in vaginally delivered infants). Delivery mode explained 6.2-7.8% of microbiome and
resistome variation in the first week; however, this was attenuated by the third month,

suggesting faster convergence than that reported from high-income countries.

Contextual assessment of the cohort setting revealed routine postpartum antibiotic

administration (contrary to global recommendations), constrained sanitation infrastructure,



X

and compact household contact networks. These findings demonstrate that in high-exposure
settings, AMR acquisition is contracted in the immediate neonatal window and driven by a
multifactorial combination of maternal, healthcare, and environmental factors rather than
infant-level antibiotic use alone. This thesis proposes a four-stage framework to guide
intervention design, prioritising infection prevention, antibiotic stewardship, and support for

microbial maturation, applied to LMICs.
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Chapter 1: Introduction

1.1 Global and clinical context of antimicrobial resistance

1.1.1 Contextual overview and global burden of antimicrobial resistance (AMR)

Throughout history, bacterial infections have been a major cause of morbidity and mortality
in humans. The discovery, development, and medical use of antibiotics marked the end of
the pre-antibiotic era by providing effective treatments against bacterial infections.
However, this advancement has been speedily accompanied by the growing challenge of
antimicrobial resistance (AMR), defined as the ability of microorganisms such as bacteria,
viruses, fungi, and parasites to survive exposure to antimicrobial agents that would
ordinarily inhibit or kill them (World Health Organization, 2023). AMR undermines the
effectiveness of standard treatments, allowing infections to persist and spread (World Health
Organization, 2023). Although antibiotic resistance occurs through natural evolution and
adaptation (D’Costa et al., 2011), it has been dangerously exacerbated by human activity,
particularly the inappropriate use of antibiotics in healthcare, agriculture, and the
environment. The clinical and economic consequences of AMR are critical and continue to
rise. In 2019, an estimated 1.27 million deaths were directly attributable to bacterial AMR,
with nearly 5 million deaths associated overall (Murray et al., 2022). This burden is unevenly
distributed, with low- and middle-income countries (LMICs) disproportionately affected
due to weaker health systems, limited diagnostic capacity, and inadequate regulatory
oversight. More recent Global Burden of Disease (GBD) 2021 estimates (Naghavi et al.,
2024) reported a slightly lower figure of 1.14 million attributable deaths in 2021; however,
forecasts remain deeply concerning. The 2016 O’Neill Review predicted up to 10 million
annual deaths by 2050 in the absence of effective action (O’Neill, 2016), a trajectory

supported by the GBD 2021 study, which projects a steady rise in mortality throughout the



mid-century. These reports also present a striking regional breakdown (Figure 1.1),
illustrating that South Asia and Sub-Saharan Africa are projected to bear the highest
mortality burden by 2050. Global fatalities are forecasted to rise to approximately 1.91
million attributable and 8.22 million associated deaths per year due to bacterial AMR

(Naghavi et al., 2024).

Beyond its clinical consequences, AMR poses a serious threat to the global economy and
the achievement of the Sustainable Development Goals (SDGs), a set of 17 interlinked
objectives adopted in 2015 to address poverty, health, inequality, and environmental
sustainability (Aslam et al., 2024). Without effective intervention, AMR could reduce Gross
Domestic Product (GDP) in LMICs by 5% or more by 2050 (Jonas et al., 2017). Under more
alarming forecasts, regions such as Sub-Saharan Africa could face up to 4 million deaths
annually, contributing to cumulative global economic losses of US$100-210 trillion without
substantial intervention (O’Neill, 2016). Economic assessments in high-income countries
(HICs) also demonstrate substantial costs. In the United States, treating infections from just
six high-priority drug-resistant pathogens costs the healthcare system approximately US$4.6
billion annually (Centers for Disease Control and Prevention (CDC), 2023). In the European
Union/European Economic Area (EU/EEA), the annual extra healthcare expenditure
attributed to resistant pathogens is estimated at €6.6 billion, contributing to a combined
economic burden of €11.7 billion when productivity losses are included (Organisation for
Economic Co-operation and Development (OECD), 2023). If left unaddressed, AMR could
push an estimated 24 million people into extreme poverty by 2030, particularly in LMICs

(Jonas et al., 2017).



1.1.2 AMR Burden in Neonates and Infants in LMICs

While these global forecasts highlight the economic and developmental risk of AMR, the
human cost is most evident in neonatal and infant infections. Neonatal and infant sepsis
remains a leading cause of morbidity and mortality in LMICs, with the spread of AMR
further compounding the challenge of effective management (Murray et al., 2022; Naghavi
etal., 2024; Sands et al., 2021; Sands, Spiller, et al., 2022). Recent global estimates suggests
that approximately 3 million cases of neonatal sepsis occur annually in LMICs, resulting in
around 570,000 deaths (Fleischmann et al., 2021), accounting for the majority of global
neonatal deaths (Naghavi et al., 2024). In sub-Saharan Africa alone, conservative estimates
attribute over 8 million disability-adjusted life years (DALYs) annually to neonatal sepsis,

with economic burden exceeding $400 billion (Ranjeva et al., 2018).

Despite the magnitude of this burden, high-quality population-level data on the aetiology
and antibiotic resistance (AR) profiles of neonatal and infant infections remain scarce
(Fleischmann et al., 2021; Milton, Gillespie, et al., 2022; Russell et al., 2023). Most available
data arise from tertiary hospitals, introducing biases that underestimate the broader
community burden and mask regional differences in resistance profile. Large-scale studies
conducted between 2011 and 2024, such as BARNARDS (Sands et al., 2021), BabyGERMS
(Mashau et al., 2022), CHAMPS (Mahtab et al., 2024), DENIS (Investigators of the Delhi
Neonatal Infection Study (DeNIS) collaboration, 2016), and NeoOBS (Russell et al., 2023),
have provided valuable insights, consistently identifying Gram-negative bacteria,
particularly Klebsiella pneumoniae, Acinetobacter baumannii, and Escherichia coli, as well
as the Gram-positive Staphylococcus aureus, as leading aetiological agents in both early-
onset (days 0-2) and late-onset (days 3-28) neonatal sepsis (Harrison et al., 2024). Data on

infants beyond the neonatal period, in contrast, are far more limited and often less robust,



largely because surveillance systems and studies tend to aggregate outcomes for all infants
under one year or under five years, and because most originate from tertiary hospitals rather
than community settings (Dramowski et al., 2025; K. Iregbu et al., 2022). This lack of
disaggregated, age-specific data is particularly problematic, since early colonisation patterns

are known to shape infection risk well into infancy (Carvalho et al., 2022; Igbal et al., 2024;

Schwartz et al., 2023).
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Figure 1.1 Global and regional burden of bacterial antimicrobial resistance (AMR)

(A) All-age death rates per 100,000 population attributable to and associated with bacterial AMR in 2019, by Global Burden of Disease (GBD) region.
Sub-Saharan Africa and South Asia experienced the highest age-standardised mortality rates, highlighting the disproportionate burden in low- and
middle-income regions (Murray et al., 2022)

(B) Observed and forecasted deaths attributable to bacterial AMR by GBD super-region and age group, 1990-2050. Projections suggest that, without
intensified interventions, the AMR burden will continue to rise through mid-century, with substantial regional variation (Naghavi et al., 2024). Reproduced
from Murray et al. (2022)(Murray et al., 2022), and GBD 2021 AMR Collaborators (2024) (Naghavi et al., 2024). Both articles are open access under a Creative
Commons CC BY 4.0 license



Reported AR rates highlight the severity of the problem. Across LMICs, including multi-
country studies and national reports from regions such as South Asia and sub-Saharan
Africa, resistance to aminoglycosides ranges from 42%-69%, third-generation
cephalosporins 59%-84%, and carbapenems 13%-82% (Investigators of the Delhi Neonatal
Infection Study (DeNIS) collaboration, 2016; Mahtab et al., 2024; Mashau et al., 2022;
Russell et al., 2023; Sands et al., 2021). These wide ranges reflect substantial regional
variation, differing prescribing practices, and heterogeneous surveillance methods, which
complicate cross-study comparisons. The prevalence of antimicrobial-resistant organisms
(AROs) critically undermines the efficacy of WHO-recommended empiric neonatal

regimens, likely contributing to persistently high sepsis-attributable mortality.

While much of the focus has been on clinical outcomes and therapeutic failure, a crucial but
underexplored aspect of this challenge is the role of the developing gut microbiome. Acting
as both a reservoir and potential amplifier of AMR, the infant gut highlights the need to

examine colonisation dynamics in early life.

1.1.2.1 Microbiome and colonisation: the missing link in neonatal AMR dynamics

Colonisation with AROs is a critical precursor that often determines subsequent risk of
invasive disease (Igbal et al., 2024; Schwartz et al., 2023). The neonatal gut microbiome,
still immature and ecologically unstable in the first weeks of life, not only serves as a
potential reservoir for AR genes but also influences whether colonisation with AR strains is
suppressed, transient, or persistent (Bargheet et al., 2025; Ravi et al., 2015). Microbiome
composition, diversity, and functional capacity play a decisive role in shaping vulnerability
to invasive infection (Pickard et al., 2017). Despite this, surveillance frameworks and burden

estimates have focused predominantly on bloodstream infections, leaving minimal data on



colonisation patterns. This omission is significant, as colonisation may represent the missing
link in understanding how AMR organisms establish, persist, and ultimately progress to

invasive infections in early life.

Colonisation with AROs such as K. pneumoniae, E. coli, and A. baumannii has been
documented within days of birth, particularly in hospital-born neonates exposed to intensive
care units and empiric antibiotic therapies, with reported carriage rates of extended-spectrum
B-lactamases (ESBL)-producing Enterobacteriaceae exceeding 40-70% in some LMIC
neonatal wards (Labi et al., 2020; Sands et al., 2021). Transmission occurs through multiple
pathways, including vertical transfer from the maternal microbiome, horizontal acquisition
within healthcare facilities, and exposure to contaminated environments and/or healthcare

workers (Busi et al., 2021; Jost et al., 2014; Labi et al., 2020).

In LMICs, where empiric antibiotic use is widespread and infection control measures are
frequently inadequate, these pressures are magnified, accelerating the establishment and
persistence of AR strains. Importantly, early-life studies have demonstrated that mobile
genetic elements (MGEs), DNA segments that move within genome or between organisms
to facilitate the spread of antimicrobial resistance genes (ARGs) (Partridge et al., 2018), can
persist in the infant gut microbiome for years enabling colonising flora to act as a long-term

reservoir for ARGs (Ravi et al., 2015).

Such colonisation may appear asymptomatic but carries significant risks. Carriage
significantly increases the risk of subsequent bloodstream infection, facilitates horizontal
gene transfer (HGT) - the exchange of genetic material, including ARG, between bacteria,
within the microbial community - and contributes to recurrent hospital outbreaks (Bargheet
et al., 2025; Igbal et al., 2024; Labi et al., 2020). The neonatal microbiome also provides

protection against colonisation by pathogenic bacteria, often referred to as colonisation



resistance (1.2.2). However, this protective effect is compromised by dysbiosis induced by
factors including antibiotic exposure, caesarean delivery, or formula feeding tipping the
balance towards persistent colonisation by potential pathogens and infection risk
(Amenyogbe et al., 2017; Busi et al., 2021). In this context, the distinction between
colonisation and invasive disease is not discrete but rather a spectrum shaped by microbial,

host, and environmental factors.

Despite growing recognition of its importance, systematic data on AMR carriage in infants,
particularly beyond the neonatal period, remain scarce, especially in LMIC contexts (1.1.2).
This gap underscores the need to investigate the infant gut microbiome not only as a passive

reservoir of resistant organisms but as an active driver of AMR dynamics in early life.

1.1.3 Mechanisms and drivers of AMR relevant to early-life colonisation

AMR in bacteria emerges through both intrinsic and acquired mechanisms, with the latter
posing the greatest concern in early life. While intrinsic resistance derives from structural
traits such as impermeable outer membranes or efflux pumps (Blair et al., 2014; Kumar &
Schweizer, 2005), acquired resistance results from spontaneous mutations or HGT
(Huddleston, 2014; Kumar & Schweizer, 2005), processes particularly relevant in the

ecologically unstable infant gut.

Three principal mechanisms underpin acquired resistance: (i) enzymatic inactivation of
antimicrobials, exemplified by ESBLs hydrolysing penicillins and cephalosporins; (i1)
modification of antibiotic targets, such as alterations in penicillin-binding proteins and DNA
gyrase that reduce B-lactam and fluoroquinolone susceptibility; and (iii) efflux pumps and

permeability changes that decrease intracellular drug concentrations (Blair et al., 2014). The



prevalence and dynamics of these mechanisms in the neonatal microbiome remain poorly

characterised.

HGT accelerates the dissemination of AR in early life. Conjugation, transformation, and
transduction are classical routes, while emerging evidence highlights vesiduction, whereby
extracellular vesicles transport resistance determinants, including integrons and plasmids, as
a more recently discovered phenomenon (Huddleston, 2014; Soler & Forterre, 2020). The
high microbial turnover and reduced colonisation resistance of the neonatal gut likely

amplify the efficiency of these transfer events.

Beyond molecular mechanisms, the drivers of AMR in early life are strongly
anthropological, shaped by human practices, healthcare structures, and environmental
contexts. Maternal intrapartum prophylaxis, empiric neonatal antibiotic therapy, and
prolonged neonatal intensive care unit (NICU) stays introduce intense antibiotic pressure,
often before the gut microbiome has stabilised (Busi et al., 2021; World Health Organization,
2023). In LMICs, these pressures are magnified by limited diagnostic capacity, weak
regulation of antibiotic sales, and suboptimal infection prevention and control (IPC)
measures (Labi et al., 2020; O’Neill, 2016; Sands et al., 2021). Such conditions encourage
both the acquisition of AR strains and the persistence of ARGs within commensal reservoirs.
Thus, while the mechanisms of AMR are well described in vitro and in adult infections, the
prevalence, expression, and clinical impact of ARGs in early-life colonisation remain
insufficiently defined, a context in which the developing infant gut microbiome plays a

central role.
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1.2. The developing infant gut microbiome

1.2.1 Developmental stages and early colonisation

The establishment of the gut microbiome in early life is a dynamic process that plays a
pivotal role in immune and metabolic development, with implications for both immediate

and long-term health outcomes (Amenyogbe et al., 2017; Arrieta et al., 2014).

The foetal gut has traditionally been considered sterile, with colonisation thought to occur
only during and after delivery. However, reports of microbial DNA in umbilical cords
(Jiménez et al., 2005), amniotic fluid (Collado et al., 2016; DiGiulio et al., 2010), placenta
tissue (Aagaard et al., 2014; Amarasekara et al., 2015; Collado et al., 2016; Onderdonk et
al., 2008; Prince et al., 2016), and meconium (Gosalbes et al., 2013, 2016) have challenged
this view. Whether these findings represent true colonisation or reflect low-level
contamination remains debated, and their clinical significance for neonatal health is
uncertain. If confirmed, prenatal microbial exposure may have implications for early
establishment of the resistome, defined as the collection of all ARGs in microorganisms

(Wright, 2007), and sometimes restricted to specific context (e.g. the neonatal resistome).

Postnatally, microbial colonisation begins immediately and is strongly influenced by the
circumstances of birth and early exposures (Béickhed et al., 2015; Dominguez-Bello et al.,
2010). Vaginally delivered infants (SVD) typically acquire maternal vaginal and gut taxa,
while those born by caesarean section (CS) are more often colonised by skin- and hospital-
associated organisms (Dominguez-Bello et al., 2010; Palmer et al., 2007). Feeding practices
further shape these trajectories: breastfeeding enriches Bifidobacterium and other taxa that
promote gut barrier integrity (Laursen et al., 2021; Lokossou et al., 2022; Lyons et al., 2020),
whereas formula feeding is associated with higher prevalence of Enterobacteriaceae and

other facultative anaerobes (Ma et al., 2020; K. M. Pirndnen et al., 2022). These early
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differences, particularly when compounded by antibiotic exposure, can persist for months
and have been linked to increased risk of AMR Enterobacteriaceae carriage (Bergstrom et

al., 2014; Busi et al., 2021; Roswall et al., 2021).

By the second year of life, the microbiome usually progresses through developmental,
transitional, and stable phases, gradually approaching an adult-like configuration (Roswall
et al., 2021; Stewart et al., 2018; Yatsunenko et al., 2012), although this trajectory may be
delayed or altered by recurrent antibiotic exposure, poor sanitation, and high pathogen loads
(Busi et al., 2021; K. M. Pédrnénen et al., 2022; Russell et al., 2023). Despite these insights,
the extent to which early colonisation trajectories determine the persistence and
amplification of AMR determinants into later infancy remains unclear, representing a critical

gap in our understanding of AMR dynamics in early life.

1.2.2 Functional roles in immunity and metabolism

The infant gut microbiome plays a foundational role in shaping host physiology during early
life, influencing immune maturation (Belkaid & Hand, 2014; Gensollen et al., 2016),
nutrient metabolism (Magnusdoéttir et al., 2015), and protection against pathogens
(Magnusdottir et al., 2015). These functions are especially critical in infancy, when host
systems are still developing and depend heavily on microbial signals for appropriate

maturation (Amenyogbe et al., 2017; Arrieta et al., 2014).

Immune system maturation: Early microbial colonisation provides cues for immune
education, enabling discrimination between pathogens and commensals. Beneficial taxa
such as Bifidobacterium and Lactobacillus promote regulatory T-cell differentiation,
modulate cytokine production, and enhance gut barrier integrity (Belkaid & Hand, 2014;

Gensollen et al., 2016). Microbial metabolites, particularly short-chain fatty acids (SCFAs),
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support the development of gut-associated lymphoid tissue and mucosal tolerance.
Disruption to these processes, for example through CS delivery or antibiotic exposure, has
been associated with increased risk of allergic and autoimmune conditions later in life
(Arrieta et al., 2015; Cukrowska et al., 2020; Ryan et al., 2025). Much of this evidence come

from high-income cohorts, and its generalisability to LMIC settings remains uncertain.

Metabolism contributions: The infant microbiota also contributes to nutrient metabolism,
fermenting complex substrates into SCFAs that provide energy to epithelial cells and
regulate systemic metabolism (Marcobal et al., 2010). In addition, microbial synthesis of
vitamins such as K2 and B-group vitamins supports coagulation, energy production, and
neurological development (Magnusdoéttir et al., 2015; Milani et al., 2017). These intrinsic
functions highlight the microbiome’s role as a metabolic organ during infancy. Disruption
of these pathways may reduce the abundance of protective taxa and create niches for
facultative anaerobes, many of which are frequent carriers of ARGs (Hidalgo-Cantabrana et
al., 2017; Laursen et al., 2021). The modulatory role of diet and feeding practices on these

processes is discussed further in Section 1.3.

Colonisation resistance: A key protective function of the early microbiome is colonisation
resistance, whereby commensals such as Bifidobacterium infantis restrict pathogen
expansion through nutrient competition, SCFA production, pH reduction, and bacteriocin
synthesis (Henrick et al., 2019; Milani et al., 2017). Clinical studies suggest that B. infantis
in preterm infants can reduce both pathogen abundance and gut ARGs loads (Henrick et al.,
2019; O’Brien et al., 2022). Conversely, delayed colonisation of protective taxa or reduced
diversity has been associated with increased susceptibility to infections, including

Clostridium difficile, and higher ARG carriage (Gasparrini et al., 2019).
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Synthesis: Immune, metabolic, and protective functions underscore the microbiome’s central
role in infant health. This thesis focuses specifically on colonisation and its relationship with
AMR, recognising that immune and metabolic pathways, while important, fall outside its

scope.

1.2.3 Why early life is a critical window

The neonatal and infant periods are widely recognised as a sensitive stage in which host
microbiota interactions shape developmental processes. During this time, the gut
microbiome undergoes rapid changes in response to environmental and host-derived cues.
This plasticity, while essential for adaptation, also makes the infant gut particularly
susceptible to disruption(Amenyogbe et al., 2017; Tamburini et al., 2016). Perturbations
such as early antibiotic exposure, caesarean delivery, or formula feeding can delay microbial
maturation, suppress colonisation by beneficial taxa, and promote early acquisition of ARGs
(Amenyogbe et al., 2017; Gasparrini et al., 2019). Early-life as a critical window is

graphically captured in Figure 1.2.

As discussed in Section 1.2.2, the infant immune system is still maturing and relies heavily
on microbial signals for calibration. Early colonisers support the differentiation of regulatory
T-cells, mucosal barrier development, and cytokine balance (Belkaid & Hand, 2014;
Gensollen et al., 2016). When colonisation is disrupted, immune education may be
compromised, increasing susceptibility not only to inflammatory disorders but also to
infections. These vulnerabilities heighten the risk of AMR acquisition, as antibiotics
administered during the first weeks of life have been shown to enrich ARGs in the gut

microbiome, sometimes persisting for months or years (Saturio et al., 2023).
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The ecological instability of the early microbiome further facilitates HGT between
commensals and opportunistic pathogens, amplifying AR within the community. In LMICs,
where infants face high infectious disease burdens and frequent empiric broad-spectrum
antibiotic use, these risks are magnified (Russell et al., 2023; Sands, Carvalho, et al., 2022;
Trosvik et al., 2024). The convergence of antibiotic pressure, immature immunity, and
fragile microbial ecology creates conditions in which early-life AMR acquisition is not only

likely but potentially enduring.

Increasing attention has been given to the concept of “microbial programming,” which
suggests that exposures during this critical period set long-term trajectories for microbiota
composition and function (Trosvik et al., 2024). Just as immune, metabolic, and neurological
systems are shaped by early stimuli, so too is the resistome. Perturbations can leave lasting
signatures that influence responses to future infections and antimicrobial therapies (K.
Parndnen et al., 2018). Despite these insights, most evidence derives from high-income
settings. How early-life perturbations shape the persistence and dissemination of the infant

resistome in LMICs remains insufficiently understood.
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Figure 1.2. Conceptual model of early-life “window of susceptibility” linking perinatal microbial perturbations to later immune-mediated disease

risk.

The schematic depicts key developmental periods from pre-conception through later childhood and illustrates how early-life exposures can shape
trajectories of microbial and immune homeostasis. Promoters of microbial homeostasis (e.g., vaginal delivery, breastfeeding) are contrasted with early
modulators (e.g., intrapartum and neonatal antibiotics, caesarean delivery, formula feeding). The coloured gradients indicate relative
susceptibility/opportunity across time, while the diverging curves represent potential deviations from microbial and immune homeostasis that may persist
and contribute to immune-mediated outcomes (e.g., asthma, atopic disease, type 1 diabetes, inflammatory bowel disease). Adapted and modified from
(Amenyogbe et al., 2017).
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1.3. Modulators of the microbiome and resistome in early life

The composition of the neonatal gut microbiome and resistome is shaped by external
exposures from birth onward. Factors such as mode of delivery, infant feeding practices,
antibiotic use, and environmental contact, act as modulators that influence which
microorganisms colonise the infant gut, how microbial communities develop, and how
ARGs are acquired or sustained (Bargheet et al., 2025; K. Parndnen et al., 2018; Reyman et

al., 2022; Thanert et al., 2022).

These effects vary with timing, intensity, and setting, and are particularly pronounced in
LMICs, where high pathogen burden, frequent empiric antibiotic use, and limited infection
control amplify microbiome disruption and resistome expansion (Russell et al., 2023; Sands,
Carvalho, et al., 2022). An overview of these modulators, their primary mechanisms, and

reported effects on microbiome and resistome development is summarised in Table 1.1.
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Table 1.1 Modulators influencing early-life gut microbiome and resistome.

Modulator  Primary Mechanism Microbiome outcomes Resistome (ARGs) outcomes Context (LMIC vs HIC) Reference
' (Laursen et al., 2021; Lyons et
Breastfeeding: {Bifidobacterium,
Breastfeeding linked to | ARGs & .
Bacteroides al., 2020; Theophﬂus & Taft,
HMOs, immune factors, MGEs In LMICs, unsafe complementary
Diet . Formula: 1Enterobacteriaceae, . . 2023)
nutrient profile Formula feeding linked to 1 ARG foods amplify ARG acquisition
Iprotective taxa; Complementary
repertoire, even without antibiotics (Baumann-Dudenhoeffer et al., 2018; Ma
feeding: fdiversity
et al., 2020; K. M. Pérnénen et al., 2022)
Vaginal: early colonisation by CS linked to 1 ARG diversity &
Delivery route, maternal . LMIC neonatal units: high ARG
maternal gut/vaginal taxa abundance (Beaumont et al., 2025; Dominguez-
Mode of delivery antibiotics, hospital acquisition rates with CS + poor
. CS: delayed anaerobes, 1 NICU exposure compounds ARG Bello et al., 2010; Shao et al., 2019)
environment IPC
skin/hospital taxa acquisition
ARG abundance (B-lactams, ..
f ® (Dierikx et al., 2020; Luchen et
JObligate anaerobes macrolides, tetracyclines)
Effects more severe with 1. 2023: Pat ia. Gri d
Antibiotic Colonisation disruption, (Bifidobacterium, Bacteroides); 1 al, » Fatangia, Lrimaud,
ARG persistence via MGEs prolonged empiric therapy and
exposure selective pressure, facultative anaerobes (Enterococcus, O’Shea, et al., 2024a; Saced &

C. difficile); | diversity

1 ESBL & carbapenemases in LMIC

hospitals

weak IPC

Hall, 2023)
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Modulator Primary Mechanism Microbiome outcomes Resistome (ARGS) outcomes Context (LMIC vs HIC) Reference
Household and ARG sharing within families (twins, (Amato et al., 2023; Jokela et al., 2024;
Environment & Household density, sibling contact: 1 : : LMICs: unsafe WASH major
environmental mother-infant pairs) Lane et al., 2019; Laursen et al., 2015;
household diversity but also 1 E. coli driver of ARG exposure
transmission Moore et al., 2015)

LMICs: tcolonisation by resistant

organisms at birth

Geography &

Sanitation, healthcare,
socioeconomic

regulation
context

HICs: risks from CS, formula,

antibiotic overuse

crowding linked to 1 ESBL carriage

LMICs: high background prevalence of

ESBL, colistin-resistant strains Within-country disparities

HICs: ARG expansion via prescribing strongly shape outcomes

practices

(Anderson et al., 2024; Collignon et al.,

2018; El-Maradny et al., 2025)

ARG (antibiotic resistance genes), LMIC (low- middle-income country), HIC (high-income country), HMO (Human Milk Oligosaccharides)
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1.3.1 Diet

Diet is one of the strongest modulators of the infant gut microbiome. Breastfeeding promotes
enrichment of protective taxa such as Bifidobacterium and Bacteroides (Laursen et al., 2021;
Lokossou et al., 2022; Lyons et al., 2020), which metabolise Human Milk Oligosaccharides
(HMOs) to produce SCFAs that strengthen gut barrier integrity and reduce expansion of
facultative anaerobes. These taxa are associated with reduced ARG carriage, including lower
prevalence of Enterobacteriaceae harbouring ESBL genes (Ma et al., 2020). Formula
feeding, by contrast, is linked to increased microbial diversity but reduced Bifidobacterium,
creating ecological niches that favour facultative anaerobes such as Clostridium and
Klebsiella (Ma et al., 2020). Complementary feeding on the other hand diversifies the
microbiome (Laursen et al., 2016; Palmer et al., 2007), but in LMICs may overlap with
unsafe water and food exposures, amplifying ARG acquisition. Thus, diet can either

reinforce microbiome resilience or facilitate resistome expansion depending on context.

1.3.2 Mode of delivery

Mode of delivery shapes the infant’s earliest microbial exposures. Vaginal birth introduces
maternal vaginal and gut microbiota, seeding colonisation with taxa such as Bacteroides,
Lactobacillus, and Bifidobacterium that contribute to immune maturation and colonisation
resistance (Dominguez-Bello et al., 2010; Shao et al., 2019). CS, in contrast, is associated
with delayed acquisition of obligate anaerobes and increased colonisation by skin- and

hospital-associated organisms(Dominguez-Bello et al., 2010; Shao et al., 2019).

Evidence suggests that infants born by CS may carry a higher abundance and diversity of
ARGs during early life, potentially due to reduced colonisation resistance, intrapartum

antibiotic prophylaxis, or hospital exposures (Shao et al., 2019). Longitudinal studies from
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LMIC neonatal units highlight compounded risks, documenting high ARG acquisition
where operative delivery, invasive interventions, and limited infection control coincide
(Beaumont et al., 2025; Carvalho et al., 2022). These findings are particularly relevant given
the global rise in caesarean deliveries, including in LMICs, where both medical and non-

medical drivers are fuelling increasing rates (Betran et al., 2021).

1.3.3 Antibiotic Exposure

Antibiotics are among the major modulators of the early-life gut microbiome and driver of
resistome expansion. Perinatal prophylaxis and empirical neonatal therapy can alter vertical
microbial transmission, reduce taxonomic diversity, and favour the expansion of facultative
anaerobes (Patangia, Grimaud, O’Shea, et al., 2024a; Saeed & Hall, 2023). These
disturbances have been linked to altered immune maturation and metabolic programming

and may persist long after treatment (Korpela et al., 2017; Leong et al., 2020).

From a resistome perspective, even short antibiotic courses enrich transferable ARGs,
including those conferring resistance to B-lactams, macrolides, and tetracyclines (Karkman
et al., 2019; K. Parnénen et al., 2018). Many of these genes are located on MGEs, enabling

HGT within the gut community and persistence for months to years (Gibson et al., 2016).

In LMIC neonatal units, where empiric therapy is widespread and AROs are prevalent,
acquisition of ESBL- and carbapenemase-producing Enterobacteriaceae can occur within
days of admission (Gibson et al., 2016; Guitor et al., 2022). Antibiotic exposure therefore

accelerates both microbial disruption and resistome expansion in early life.
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1.3.4 Environmental and Contextual Modulators

Beyond clinical and dietary factors, the infant gut microbiome and resistome can also be
shaped by household, and environmental exposures. Horizontal transmission from mothers,
caregivers, siblings, and close contacts introduces new taxa and AR determinants, with
household density and daycare attendance associated with increased ARG carriage
(Dominguez-Bello et al., 2010; Jokela et al., 2024). Environmental reservoirs, including
contaminated soil, water, and surfaces, act as ongoing sources of resistant organisms,
especially where water, sanitation, and hygiene (WASH) infrastructure is limited
(Fuhrmeister et al., 2023). Early weaning in such contexts can further amplify risk, as infants
are exposed to resistant bacteria through complementary foods prepared with untreated

water.

These influences are cumulative: antibiotic-induced depletion of protective anaerobes may
lower colonisation resistance, magnifying the impact of environmental exposures. In
LMICs, where high background prevalence of resistant organisms intersects with weak IPC,

environmental modulators significantly shape early resistome trajectories.

1.3.5 Geographic and Socioeconomic Context

Geographic and socioeconomic conditions frame the impact of all other modulators. Infants
in LMICs are frequently exposed to multidrug-resistant organisms from birth, with studies
reporting neonatal colonisation by ESBL- (Carvalho et al., 2022) and colistin-resistant
bacteria in settings such as Nigeria (Portal et al., 2024). In contrast, HICs present lower
baseline AMR pressures but face different risks, including higher rates of elective caesarean
section, formula feeding, and broad-spectrum antibiotic prescribing (Collignon et al., 2018;

Kuehl et al., 2020).
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Within-country disparities further shape microbiome and resistome development: maternal
education, household income, and healthcare access influence feeding practices, hygiene
behaviours, and antibiotic use (El-Maradny et al., 2025). In resource-limited households,
restricted access to clean water and sanitation can increase exposure to resistant enteric
pathogens, while financial or geographic barriers to healthcare may encourage inappropriate
antibiotic consumption (Anderson et al., 2024). These macro-level factors rarely act in
isolation, instead compounding the pressures exerted by diet, delivery, antibiotics, and
environment. By situating modulators within broader social and geographic contexts, it
becomes clear that microbiome and resistome trajectories reflect not only biological

processes but also structural determinants of health.

1.4. The early life resistome

1.4.1 Definition and significance

As previously mentioned in Section 1.2.1, the resistome comprises the full repertoire of
ARGs within a microbial community, including both expressed and latent genes (D’Costa
et al., 2006; Wright, 2007). These genes may be intrinsic or mobile, with the latter enabling
the spread of resistance across diverse taxa (Davies, 2007; Martinez & Baquero, 2000).
Importantly, ARG are not merely a modern byproduct of antibiotic use; they have ancient
evolutionary origins and reflect a long history of microbial competition (Perry et al., 2016).
Consequently, the infant resistome can reflect background microbial inheritance and

environmental pressures as much as direct therapeutic selection.

In early life, the resistome develops in parallel with the gut microbiome during a period of
rapid microbial assembly. The infant gut provides a permissive environment for ARG

maintenance and exchange, characterised by high microbial density, close taxonomic
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proximity, and repeated influence from maternal, environmental, dietary, and healthcare-
associated sources. Notably, ARGs are detectable in the infant gut even without direct
antibiotic exposure (Carvalho et al., 2022), indicating that resistome acquisition reflects both
natural microbial inheritance and selective pressures from human practices. Once
established, particularly when carried on MGEs, ARGs can persist for extended periods,
shaping future responses to antibiotic treatment. Understanding the early-life resistome is
therefore crucial for elucidating how resistance emerges before clinical infection, for
anticipating pathways of dissemination, and for identifying opportunities to interrupt

transmission in high-burden settings.

1.4.2 Detection and carriage of ARGs in infants

ARGs are detectable in the infant gut within days of birth, as evidenced by metagenomic
signatures in meconium and early stool samples (Gasparrini et al., 2019; Moore et al., 2015).
The presence of these ARGs in the earliest life stages suggests that the initial resistome is
established through maternal and environmental transmission prior to or alongside clinical
intervention. Once acquired, these ARGs, and the MGEs that facilitate their transfer, can
persist in the infant gut for years (Ravi et al., 2015), establishing a long-term commensal

reservoir that may shape the individual's resistome throughout early childhood.

Comparative cohort studies demonstrate variability across geographic settings. In HICs, the
Finnish HELMi study found that ARG abundance was inversely associated with
Bifidobacterium dominance in infancy, while the DIABIMMUNE cohort in Finland, Russia,
and Estonia showed low baseline ARG diversity in antibiotic-naive infants but notable
expansion after antibiotic treatment (Jokela et al., 2024; Lebeaux et al., 2022). In contrast,

studies in India and Nigeria report early colonisation with ARG-harbouring
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Enterobacteriaceae even among community-born infants (Kothari et al., 2013; Portal et al.,
2024), consistent with higher background exposure to resistant organisms in these settings.
These contrasts highlight that resistome trajectories are context-dependent, shaped by local

antibiotic practices, environmental exposures, and underlying microbiome composition.

1.4.3 Transmission routes and reservoirs

The early-life resistome is shaped by both vertical and horizontal transmission pathways,
drawing from maternal, environmental, and healthcare-associated reservoirs. The
importance of each transmission route varies across settings, shaped by maternal carriage,
healthcare practices, and environmental exposures, with distinct risks observed in resource-

limited contexts.

1.4.3.1 Vertical transmission

Maternal transmission is the earliest route of ARG acquisition. ARGs have been detected in
meconium, the first-pass stool, suggesting possible in utero exposure or immediate perinatal
transfer (Gosalbes et al., 2016; Shao et al.,, 2019). During vaginal delivery, neonates
encounter maternal gut, vaginal, and perineal microbiota that can harbour genes such as
blatem, ermB, and tetW, many carried on MGEs capable of horizontal transfer (Bargheet et
al., 2025; Gosalbes et al., 2016). The safety of this transmission route is linked to maternal
health and the surrounding WASH infrastructure. In settings with poor WASH standards,
mothers are more likely to be colonised by resistant 'ESKAPE' pathogens, a group of high-
priority resistant bacteria (Rice, 2008), which are then passed to the neonate during
birth(Carvalho et al., 2022). Caesarean delivery alters this dynamic, reducing direct maternal
microbial transfer and increasing exposure to hospital-associated organisms such as ESBL-

producing K. pneumoniae and Enterobacter cloacae (Nogacka et al., 2018).
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Breast milk is another potential route of vertical transfer, containing commensal taxa and
low-abundance ARGs, though selective enrichment of Bifidobacterium by HMOs generally
favours colonisation resistance. Together, these vertical routes establish the initial ARG

pool, but its long-term significance depends on the microbial balance within the infant gut.

1.4.3.2 Horizontal transmission

Horizontal transmission introduces ARGs postnatally from diverse reservoirs. Healthcare
environments, especially NICUs, are high-density microbial hubs where infants may
encounter AROs carrying genes such as aac (aminoglycoside resistance), blaxpc
(carbapenem resistance), and blanpm (metallo-p-lactamase activity) (Gibson et al., 2016;
Xiao & Zhao, 2023). Colonisation with ESBL-producing Enterobacteriaceae or
carbapenemase producers has been documented within days of NICU admission,

particularly in LMICs where IPC practices may be limited (Sands, Spiller, et al., 2022).

Beyond healthcare, close contact with caregivers, siblings, and shared household surfaces
facilitates ARG exchange, as shown by family studies documenting identical ARG in
mother-infant dyads, twins, and siblings (Jokela et al., 2024; Moore et al., 2015).
Environmental exposures, including untreated water, wastewater, animals, and contaminated
surfaces, add further routes, with resistant Enterobacteriaceae commonly isolated from
these reservoirs (Navab-Daneshmand et al., 2018; Pickering et al., 2019). Within the gut
itself, commensal bacteria act as reservoirs and amplifiers of AR through HGT mechanisms
such as conjugation (plasmid exchange), transduction (bacteriophage-mediated transfer),
and transformation (uptake of free DNA), processes facilitated by high microbial density

and turnover in early life (von Wintersdorft et al., 2016).
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1.4.4 Clinical and public health implications

The early acquisition of ARGs in infancy has direct clinical consequences. Colonisation with
ARG-harbouring taxa such as K. pneumoniae, E. coli, and Enterococcus faecium can
precede invasive infections, particularly in vulnerable neonates in NICUs (Folgori et al.,
2017; Zaidi et al., 2005). Although many ARGs remain phenotypically silent, selective
pressures, especially antibiotic exposure, can rapidly expand resistant populations,
complicate treatment and increasing mortality risk. Multi-country LMIC data from the
BARNARDS study highlight how common ESBLs and carbapenemases are in neonatal
sepsis isolates, with standard empiric regimens showing poor predicted coverage (Sands et
al., 2021; Thomson et al., 2021). Findings from NeoOBS study similarly demonstrate high
empiric use, limited diagnostic capacity, and poor treatment outcomes in LMIC neonatal
units, underscoring the clinical relevance of early resistome dynamics (Russell et al., 2023).
These realities align with global stewardship guidance such as the WHO AWaRe framework

(WHO, 2021).

At the household and community level, infants function as reservoirs and vectors of ARGs.
Close contact with caregivers, siblings, and shared environments facilitates bacterial
exchange, with family studies documenting potential transmission of identical ARG across
mother-infant dyads, siblings, and household members (Jokela et al., 2024; Moore et al.,
2015). Broader environmental exposures amplify these risks: inadequate WASH
infrastructure, animal contact, and contaminated food sources all contribute to ARG
acquisition, particularly in densely populated or resource-limited settings. Research from
Maputo, Mozambique illustrate how unsafe water and household wastewater increase gut

ARG burdens in children (Berendes et al., 2019), while risk-factor analyses link ESBL-E.
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coli carriage to crowding and local livestock production (Amato et al., 2023; Kurowski et

al., 2021).

From a public health perspective, the persistence of ARGs poses a major challenge for
antimicrobial stewardship. Longitudinal studies show that resistome shifts acquired in early
life can persist for months or years (Gibson et al., 2016), reinforcing the need for
interventions that begin earlier than is typically assumed. Global frameworks such as the
WHO AWaRe antibiotic classification system (WHO, 2021) and the WHO/UNICEF Joint
Monitoring Programme for WASH (World Health Organization (WHO) & the United
Nations Children’s Fund (UNICEF), 2021) emphasise that stewardship must be integrated
with structural improvements in sanitation, hygiene, and healthcare delivery. In parallel,
microbiome-supportive practices such as breastfeeding promotion and rational antibiotic use

offer potential strategies to reduce resistome expansion in infancy.

1.5 Detecting ARGs in the microbiome

Detecting ARGs within the human microbiome presents unique methodological challenges.
Unlike clinical diagnostics, which primarily focus on AR in specific pathogens, resistome
analysis requires approaches that capture both culturable and unculturable organisms, as
well as latent ARGs embedded in commensal taxa. Because the gut is a dense and diverse
ecosystem, effective tools must identify not only resistant bacteria but also the genetic basis
of resistance, its genomic context, and its potential for mobility. This section reviews the
limitations of conventional culture- and PCR-based techniques, introduces metagenomic

strategies for resistome profiling, and evaluates their relevance to early-life studies.
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1.5.1 Limitations of traditional detection methods

Historically, AMR surveillance has relied on culture-based susceptibility testing and targeted
molecular assays. While indispensable for clinical decision-making, these approaches offer
a narrow and sometimes distorted view of the resistome, particularly in complex

environment such as the infant gut.

Culture-based methods, including antimicrobial susceptibility testing (AST), infer AR
phenotypes from bacterial growth in the presence of antibiotics. They are central to guiding
treatment in infected patients but biased toward organisms that can be readily cultured under
laboratory conditions. This is a major limitation for gut microbiome studies, as a large
proportion of commensals, particularly obligate anaerobes and other fastidious taxa, cannot
be recovered using conventional culture techniques (Browne et al., 2016). Consequently,

many ARG in unculturable or low-abundance organisms remain undetected.

Targeted molecular methods such as PCR and qPCR partially overcome this limitation by
detecting specific resistance genes (e.g., blactx-m, mecA). These assays provide sensitivity
and specificity for known and targeted ARGs but lack breadth, as they may miss novel or
divergent variants depending on primer design and rarely resolve whether a gene is
chromosomal or carried on MGE (Olsen & Riber, 2025; Saak et al., 2020). Moreover,
because PCR amplifies its target, the apparent burden of an ARG in a complex community
can be exaggerated, for example, whether blanpm 1s harboured by a dominant taxon or a

transient, low-abundance species cannot be determined (Yamin et al., 2023).
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1.5.2 Metagenomic approaches to ARG detection

Metagenomics has transformed AMR research by enabling comprehensive profiling of
ARGs in complex microbial communities without the need for culture or prior assumptions
about gene identity (X. Li et al., 2023; Olsen & Riber, 2025) In the infant gut, where many
taxa are unculturable and resistance determinants may exist at low abundance or within
commensals, this approach provides unique insights into early resistome assembly

(Gasparrini et al., 2019; X. Li et al., 2024a).

The most widely applied strategy is shotgun metagenomic sequencing, in which total DNA
from a sample is sequenced in an untargeted manner and aligned to curated resistance gene
databases such as Comprehensive Antibiotic Resistance Database (CARD), ResFinder,
ARG-ANNOT and AMRFinderPlus (Boolchandani et al., 2019; Nassereddine et al., 2024).
This allows the detection of both abundant and rare ARGs, estimation of their relative
abundance, and characterisation of their diversity. Two complementary analytical strategies

are commonly employed:

e Read-based methods, which are computationally efficient and sensitive for detecting

low-abundance ARGs (Y. Li et al., 2021).

e Assembly-based approaches, which facilitate genomic contextualisation, including
co-location of ARGs with MGEs such as plasmids, integrons, and transposons

(Abramova et al., 2024).

Genomic context is particularly important for evaluating the potential for HGT. Dedicated
pipelines now attempt to predict mobility by annotating genes associated with
conjugation/mobilization, but resolution remains imperfect, especially in metagenomes with
limited sequencing depth or from under-sampled environments (Fan et al., 2021; Peng et al.,

2021). Applied to early-life cohorts, metagenomics has shown that even antibiotic-naive
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infants carry diverse ARG repertoires within days of birth, including resistance determinants
against B-lactams, macrolides, tetracyclines, and aminoglycosides (Gasparrini et al., 2019;

K. Pirnénen et al., 2018).

It is important to note, however, that DNA-based metagenomics identifies the genetic
blueprint of resistance rather than its functional activity (Quince et al., 2017). Whether
detected ARGs are expressed cannot be determined without RNA-based meta-
transcriptomics, which profiles gene expression, or functional assays (Sedova et al., 2025).
Although such approaches are beyond the scope of this thesis, they represent the next step

in linking resistome composition to actual resistance phenotypes in early life.

1.5.3 Strengths, limitations, and relevance to this study

Shotgun metagenomic sequencing offers a powerful, culture-independent approach to
profiling the infant gut resistome. It enables detection of ARGs in both culturable and
unculturable taxa, captures abundant and rare genes, and provides a broader and less biased
view of resistance than traditional culture- or PCR-based methods. For early-life studies,
this is particularly important given the dominance of obligate anaerobes and the presence of

AR even in antibiotic-naive infants.

Assembly-based strategies extend this by situating ARGs within their genomic context,
including whether they are located on MGEs such as plasmids, key indicator of transfer
potential. Emerging approaches such as chromosomal conformation capture (e.g., Hi-C) go
further, attempting to link plasmids and resistance genes to specific host chromosomes.
While promising, these techniques remain technically demanding, require stringent sample

handling, and are not yet feasible for large-scale fieldwork in LMIC settings.



31

Nevertheless, both read- and assembly-based approaches are constrained by reliance on
reference databases, which are heavily biased toward pathogens from HICs and may
underrepresent ARGs circulating in LMICs. Assembly methods also demand greater
sequencing depth and computational resources and may incorrectly collapse genomic
contexts for genes present in multiple flanking environments. Meanwhile, functional
metagenomics, considered the gold standard for demonstrating phenotypic activity, remains

low-throughput and impractical for large cohorts.

In this study, I applied a largely assembly-based metagenomic approach, supplemented by
read-based quantification using curated databases to balance feasibility and resolution.
While functional assays and full plasmid-chromosome linkage are beyond scope, results are
interpreted with attention to microbial and clinical context. This strategy enables robust
characterisation of ARG diversity and mobility in Nigerian infants, while acknowledging

the methodological limitations that define current knowledge gaps.

1.5.4 Summary of knowledge gaps

Despite substantial advances in understanding AMR and the human gut microbiome, key
gaps remain in our knowledge of the early-life resistome, particularly in LMIC settings
where the AMR burden is greatest. First, few longitudinal studies have characterised the
resistome in neonates and infants from birth, leaving uncertainties about its natural
developmental trajectory and the timing of peak acquisition of ARGs. Second, the interplay
between microbiome assembly, environmental exposures, and clinical factors such as
antibiotic use, feeding mode, and delivery mode remains poorly resolved in early life,
especially in resource-limited contexts with distinct ecological and epidemiological

pressurcs.
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Third, while the potential routes of ARG transmission, from maternal sources, household
contacts, and the environment are recognised, their relative contributions in LMIC settings
have not been quantified with high-resolution, culture-independent methods. Fourth, most
existing studies rely on targeted or culture-based approaches that may underestimate
resistome diversity and miss novel or low-abundance ARGs; large-scale metagenomic
analyses in early-life cohorts remain rare. Finally, few studies explicitly integrate resistome
data with detailed environmental, demographic, and clinical metadata to identify modifiable

drivers of AMR carriage in infancy.

Addressing these gaps requires well-designed, longitudinal cohort studies in LMIC contexts
that combine robust microbiome and resistome profiling with detailed exposure assessment.
This thesis aims to meet that need by applying metagenomic sequencing to infant stool
samples collected over the first three months of life, integrating these data with rich
contextual information to characterise the determinants, dynamics, and potential

intervention points for AMR in early infancy.

1.6 Study rationale and objectives

1.6.1 Rationale for the study

AMR is a major global health challenge, yet its earliest origins in infancy remain poorly
understood, particularly LMICs. The infant gut microbiome, still immature and
immunologically naive, is especially vulnerable to colonisation by resistant organisms. Early
colonisation events can establish long-term reservoirs of resistance genes, shaping both

individual infection risk and population-level transmission dynamics.



33

Most existing resistome research has been conducted in HIC cohorts, where antibiotic
stewardship, sanitation, and healthcare infrastructure differ from LMICs. In some sub-
Saharan African countries, and Nigeria in particular, infants are frequently exposed to
empirically prescribed broad-spectrum antibiotics, given unreliable diagnostics. These
clinical pressures are compounded by environmental conditions that promote ARG
acquisition, such as poor water quality, informal healthcare access, and unregulated
antibiotic sales. Yet systematic, longitudinal investigations of how these exposures shape the

developing resistome are virtually absent.

This study addresses that gap by applying longitudinal metagenomic profiling to a Nigerian
infant cohort, integrating resistome data with clinical, demographic, and environmental
exposures. As the first study of its kind in Nigeria, it will provide foundational evidence to
inform local stewardship policies, strengthen surveillance capacity, and contribute to global

understanding of AMR acquisition in early life.

1.6.2 Study objectives

This study investigates how early-life exposures influence the development of the gut
microbiome and resistome in Nigerian infants recruited at a tertiary healthcare facility,

followed over the first three months of life.

Primary objective

e To characterise the composition, diversity, and temporal dynamics of the gut

microbiome and resistome in Nigerian infants over the first three months of life.

Secondary objectives

1. To compare DNA extraction protocols for optimising metagenomic recovery of

ARGs from low-biomass infant stool samples in resource-limited settings.
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2. To assess the influence of key clinical (delivery mode, antibiotic exposure) and
environmental (household composition, WASH conditions) factors on microbiome

and resistome development.

3. To identify exposures most strongly associated with ARG acquisition, persistence,

or diversity, highlighting potential intervention points.

4. To explore associations between resistome profiles, microbiome composition, and

MGE carriage over time.

1.6.3 Thesis structure and chapter overview

This thesis progresses from global and clinical context to methodological approach,

empirical findings, and implications.

Chapter 1 has outlined the scope of the problem, from the worldwide burden of AMR to its
particular impact on neonates and infants in LMICs, the biological and environmental
drivers influencing early gut microbiome colonisation, and the significance of the infant
resistome as a reservoir of ARGs. The limitations of existing detection methods and the
advantages of metagenomic approaches were highlighted, alongside critical knowledge gaps
in the epidemiology, transmission dynamics, and ecological determinants of the infant

resistome.

Chapter 2 describes the study setting, cohort recruitment procedures, sample collection
protocols, and laboratory workflows, including DNA extraction, sequencing pipelines, and

the metagenomic analysis strategies used for both taxonomic and AMR profiling.

Chapter 3 reports a pilot study comparing DNA extraction protocols and evaluating their

performance for downstream metagenomic analyses in infant stool samples. This chapter
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also analyses the quality control measures incorporated during sample processing, providing
an assessment of their effectiveness in handling low-biomass specimens under the

constraints of a resource-limited setting.

Chapter 4 presents a detailed description of the study cohort, summarising demographic

and clinical characteristics.

Chapter 5 examines the temporal dynamics of the infant gut microbiome and resistome,

tracking longitudinal changes from birth through the first three months of life.

Chapter 6 explores associations between key exposures, (e.g. birth mode, antibiotic use,

and feeding type) and differential microbiome and resistome trajectories.

Chapter 7 integrates findings, situates them within the global AMR context, discusses
methodological limitations, and outlines implications for surveillance, neonatal health, and

policy in LMICs.

Through this structure, the thesis moves from establishing the rationale and background to
generating new empirical evidence on the determinants and dynamics of the early-life

resistome in Nigeria.
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Chapter 2: Materials and methods

This chapter describes the design, setting, participants recruitment and follow-up, sample
collection, laboratory workflows, bioinformatics pipelines, and statistical analyses used in
this study. Core laboratory, sequencing and computational procedures were standardised to
support reproducibility, and analytical approaches were selected to account for repeated
measures and to transparently report denominators where missing data occurred. All study
procedures were conducted under institutional and national ethical approvals, with written

informed consent obtained from participating mothers.

2.1. Study design and setting

This study was a prospective longitudinal infant cohort conducted in Kano, Northern
Nigeria. Recruitment and baseline procedures were undertaken at Murtala Muhammed
Specialist Hospital (MMSH), Kano, a high-volume tertiary hospital serving urban and peri-
urban populations. The hospital-based design enabled systematic enrolment around delivery,
timely capture of perinatal clinical metadata from routine records, and early postnatal

sampling within the first days of life.

For the analyses presented in this thesis, the dataset includes dyads enrolled between
February and September 2024, with infant follow-up defined through 90 days of age (D90).
Although the parent cohort is designed for longer follow-up, analyses beyond D90
(including later feeding transitions such as weaning and broader environmental exposures)

are outside the scope of this thesis and will be reported separately.

Infants were scheduled for stool sample collection at eight postnatal timepoints: D0, D1, D3,

D5, D7, D14, D28, and D90. Under complete attendance, this schedule yields a theoretical
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maximum of 720 samples for 90 enrolled infants. In practice, the analysed
microbiome/resistome dataset comprises 87 infants who provided at least one stool sample;
three enrolled infants withdrew before providing any stool samples, although their baseline
details were retained in the study database. The number of samples contributing to each
analysis therefore varies by timepoint and by outcome after quality control and
decontamination; analysed denominators are reported alongside each result, with additional

cohort and sample-flow details provided in Chapter 4.

2.2 Ethical approvals

2.2.1 Institutional review and approvals

This study received ethical approval from the Oxford Tropical Research Ethics Committee
(OxTREC) at the University of Oxford (Reference: 36-22; approved January 2023) and from
the appropriate ethics/governance authorities in Kano State, Nigeria (approved October
2022). National oversight requirements were met through the National Health Research
Ethics Committee of Nigeria (NHREC) (Approval Number: NHREC/17/03/2018). The
study was conducted in accordance with the principles of the Declaration of Helsinki and

Nigeria’s national ethical guidelines for research involving human participants.

2.2.2 Informed consent procedures

Written informed consent was obtained from each infant’s primary caregiver (predominantly
mothers) prior to enrolment. Consent materials were provided in English and explained
verbally in Hausa by trained research assistants to support comprehension. Mothers were

approached at a suitable time when clinically stable, and participation was voluntary. For
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caregivers with limited literacy, consent was documented by thumbprint and countersigned
in the presence of an impartial witness (an attending hospital nurse not involved in the
research team). Participants were informed of the study aims, study procedures (including
biological sample collection and follow-up visits), and their right to withdraw at any time

without any effect on access to routine healthcare services.

2.2.3 Confidentiality and participant protection

All samples and study records were labelled using pseudonymised study identifiers.
Personal identifiers were stored separately from research data in locked cabinets and in
password-protected electronic databases with access restricted to authorised study
personnel. Data handling complied with applicable institutional data protection policies.
Sample collection and follow-up visits were conducted in a manner that respected privacy,
dignity, and local cultural norms. Given the involvement of infants, procedures were

designed to minimise risk, and mothers provided proxy consent on behalf of their infants.

2.2.4 Operational permissions

Operational permissions and logistical support were obtained from the Kano State Ministry
of Health and the management of MMSH, which facilitated integration of the study with

routine maternal and infant healthcare services.

2.3. Study population

2.3.1 Inclusion and Exclusion Criteria

The parent cohort enrolled 120 term neonates (gestational age 37-42 weeks) delivered at

MMSH, Kano. For the purposes of this thesis, analyses are restricted to the first 90 enrolled
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infants recruited between February and September 2024; of these, 87 infants provided at

least one stool sample and contribute to microbiome/resistome analyses.

Infants were eligible if they were: (i) born at MMSH by vaginal or caesarean delivery, (ii)
enrolled within 24 hours of birth, (iii) had written informed consent provided by the
mother/caregiver, and (iv) resided within metropolitan Kano to enable follow-up visits.
Gestational age was ascertained from antenatal records using last menstrual period dating

and, where available, ultrasound reports.

Exclusion criteria were:

e Preterm delivery (<37 weeks gestation).

e Major congenital anomalies or gastrointestinal malformations.

e Birth complications requiring prolonged inpatient neonatal care (e.g., neonatal unit
admission beyond the immediate postnatal period).

e Lack of feasibility for follow-up (e.g., residence outside the study catchment area).

o Refusal of follow-up visits.

Maternal dietary exclusions (e.g., vegan/vegetarian diets) were prespecified in the protocol
to minimise confounding from atypical maternal dietary patterns; however, no eligible
participants met these criteria in this setting, and no exclusions were made on this basis.
These criteria were established through a comprehensive review of known confounders in
neonatal outcomes, such as gestational age and pre-existing clinical complications (Grech
et al., 2021), and were refined through extensive consultation with the BARNARDS II

clinical team to ensure both scientific rigour and practical feasibility in the study setting.
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2.3.2 Recruitment Process

Eligible mothers delivering at MMSH were identified within 24 hours postpartum by trained
research assistants using a standardised eligibility checklist. Written informed consent was
obtained as described in Section 2.2.2. Recruitment was conducted consecutively among
eligible deliveries during the recruitment period until the target sample size for the parent

cohort (n=120) was reached.

2.3.3 Participant Identification and Data Collection

At enrolment (Day 0), each infant was assigned a unique pseudonymised study identifier in
the format MBK-B-XXXX, where XXXX was a sequential four-digit serial number (0001—
0120). This identifier was used to label biological samples, questionnaires, and metadata
across follow-up. Baseline demographic and clinical data were obtained from hospital
records and caregiver interview. Structured questionnaires at follow-up visits captured infant
feeding practices, medication exposure (including antibiotics), household/environmental

exposures, and interim health events through Day 90.

2.3.4 Retention Strategies

To minimise loss to follow-up, the study team maintained regular contact with caregivers
and used community-based tracking approaches when required, including for families
without reliable mobile phone access. Modest, ethics-approved reimbursements and/or small
tokens of appreciation were provided to compensate for time and transport, and were
designed to be culturally appropriate, non-coercive, and not conditional on continued

participation or sample provision.



41

2.4. Sample size calculation

In consultation with the University’s statistical advisory service, a conventional single
outcome power calculation was not undertaken because the primary outcomes include high-
dimensional microbiome and resistome profiles with multiple correlated features, and
because effect sizes for comparable early-life exposure contrasts in this setting were not well
established at the time of study design. The cohort size was therefore determined
pragmatically, balancing recruitment feasibility, sequencing capacity, and the need to

support adjusted analyses across common exposure strata.

An initial target of 60 mother-infant dyads was inflated by 50% to allow for attrition and
incomplete sampling, yielding an initial recruitment goal of 90. The parent cohort target was
subsequently increased to 120 to support planned future analyses requiring additional
stratification and to improve the precision of estimates across exposure groups. For this
thesis, analyses are restricted to the first 90 enrolled infants followed through 90 days of life
(D90); 87 of these infants provided at least one stool sample and contribute to
microbiome/resistome analyses, with denominators varying by timepoint and outcome after

quality control and decontamination (reported with each analysis).

This cohort size supports descriptive characterisation of early microbiome and resistome
trajectories and provides sufficient sample counts in the most prevalent exposure categories
(e.g., delivery mode and common feeding patterns) to fit prespecified adjusted models at
key scheduled timepoints, while recognising that some stratified and interaction analyses
are limited by sparse sample sizes. Samples from the additional enrolled infants (up to

n=120) are being processed and will contribute to analyses beyond the scope of this thesis.
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2.5 Sample and metadata collection

To support the longitudinal characterisation of gut microbiome development and ARG
acquisition, the study collected both biological samples and structured exposure metadata

over the first 90 days of life.

2.5.1 Sample collection and storage

Stool samples were collected at eight predefined time points during the first 90 days of life
(DO, D1, D3, D5, D7, D14, D28, and D90). Day 0 and Day 1 samples were obtained in
hospital shortly after birth, with subsequent collections performed during scheduled home
visits (Figure 2.1). The full longitudinal sampling schedule and ancillary specimen

collection are summarised in Figure 2.2.

Mothers were provided with sterile, pre-labelled polypropylene vials and instructed in
hygienic collection techniques; where needed, trained research assistants assisted with
collection. Samples were transported in insulated carriers with ice packs and delivered to
the local laboratory within 4-6 hours of collection. On receipt, samples were logged and
stored at -20°C. Microbial DNA extraction was performed within 24 hours of collection,
with samples held at -20°C until extraction. Extracted DNA was stored at -20°C prior to
batch shipment to the University of Oxford, where aliquots were transferred to -80°C for
long-term storage. This workflow was informed by a validation experiment (Chapter 3)
demonstrating that extraction within 24 hours yields DNA of sufficient quality for shotgun

metagenomic sequencing.

Conditional intensified sampling around antibiotic exposure: For infants who received

systemic antibiotics during follow-up, an intensified stool sampling protocol was
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implemented to capture short-term perturbations. Additional samples were scheduled at 1,
3, 5, and 7 days after antibiotic initiation, where “post abx-Day 1” refers to sampling after
the first antibiotic dose. These post-initiation samples were intended to fall within the 0—7-
day window used for antibiotic window analyses in Chapter 6 and typically occurred while

infants were still receiving treatment.

2.5.2 Exposure metadata collection

Structured exposure metadata were collected alongside biological samples to characterise
determinants of infant gut microbiome and resistome development during the first 90 days
of life. Metadata collection was synchronised with the scheduled sampling visits to support

longitudinal analyses.
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Figure 2.1 Baseline sampling workflow and transition to home follow-up.

Schematic of enrolment at birth for infants delivered vaginally or by C-section, restricted to clinically well
neonates with no antibiotics prescribed at baseline. Meconium was collected to represent the Day 0 stool
sample, and a breast milk sample was collected from breastfeeding mothers where applicable. Following
hospital discharge, longitudinal sample collection continued during scheduled home visits.



45

Continuous repaorting of illness, major events and antibiotics usage

Metadata: 1,900 | <~ ccccccccccccccccccccccccccccccccccccccscccccccccccccccccscscccccacscae
entries of question ! '

{REDCap) Inclusion critaria, Repeating Instrument on babies feeding, ~ Analysis:
Demographic data, activities, use of antibiotics and health Composition and abundance of the
mode of delivery gut microbiome and resistome and

effect of the metadata

.... p3 D5 D7

D28

T III‘IIIIIIII |||||||‘1ITﬂm’|||| TTT]
(vaL}

iy

" " wew @ - - - -
About 3,000
R . ) ) . . ' . ’ . .
biological and
environmental ﬁ ﬁ
- -
samples collected Sy ﬁ
from i % "
87 households L
" , Tses Hoapital - Mother's ) Home
1) Baby Stool P nvironment rectal swab Breastmilk mcnvironmcm

Figure 2.2 Longitudinal sampling schedule and specimen types across infant follow-up

Timeline of scheduled study visits from birth (D0O) through Day 180 and 1 year in the parent cohort, showing the transition from in-hospital recruitment and early
postnatal sampling to home-based follow-up. Infant stool samples were collected at prespecified ages (D0, D1, D3, D5, D7, D14, D28, and D90 for the thesis
analyses), with additional ancillary samples collected at selected visits, including maternal rectal swabs, breast milk, and household/environmental specimens
(icons).
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At enrolment (within 24 hours of delivery), trained research assistants completed a
standardised electronic case report form (CRF) in REDCap (v12) using encrypted tablets.
Baseline variables included maternal demographics (e.g., age, education, parity), delivery
details (including mode of delivery), household socioeconomic indicators, and infant birth
characteristics (including birthweight and Apgar scores), abstracted from hospital records

and caregiver interview where required.

At follow-up visits, repeat CRFs captured time-varying exposures and outcomes, including:

o Infant exposures and health: feeding practices (categorised using WHO-consistent
definitions; operationalised in analyses as breastfeeding intensity groups (Aarts et
al., 2000; Burgin, 1996; Geneva: World Health Organization, 2018)), illness
episodes, and medication exposure. For antibiotics, the drug name,
indication/source, start date, duration, and (where possible) dose were recorded, with
caregivers encouraged to retain and present medication packaging to improve

accuracy.

o Maternal factors: intrapartum antibiotic administration, postpartum antibiotic use.

e Household/environmental factors: family size, sanitation and water access,
household composition, domestic animal exposures, and other contextual factors

relevant to early-life microbial acquisition.

To support recall between visits, caregivers were provided with a simple household event
grid (Appendix A.1: Supplementary Figure 2.1) to log key events and exposures using
predefined codes. The grid was reviewed at each follow-up visit and cross-checked against
CREF responses. Mothers were encouraged to retain and present medication packaging at

follow-up visits to improve the accuracy of antibiotic exposure documentation. Research
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staff also maintained brief field notes to document contextual information not captured by
structured items (e.g., use of traditional remedies or water supplementation practices), where

relevant to exposure interpretation.

All metadata were linked to samples using pseudonymised infant study identifiers and
managed in REDCap (v12) with built-in range and consistency checks. Periodic data quality

audits were undertaken prior to export for statistical analysis.

Structure of the questionnaire: Data were collected using a combination of electronic and

paper-based tools to capture both structured exposures and contextual events across follow-

up.

e Enrolment questionnaire (REDCap): Administered within 24 hours of delivery to
confirm eligibility, obtain informed consent, assign the infant study identifier, and
capture baseline maternal, household, and infant information. Variables included
maternal demographics (e.g., age, education), obstetric history (e.g., parity),
pregnancy and delivery factors (including delivery mode), and infant birth
characteristics (including birthweight and early clinical observations).

e Household event grid (caregiver-held diary; Appendix A.1: Supplementary Figure
2.1): A simple calendar-style tool provided at enrolment to support recall between
scheduled visits, particularly during longer intervals. Caregivers recorded key events
using predefined codes (e.g., illness episodes, medication exposure, feeding changes,
and notable milestones). The study team reviewed the grid at each visit, and
caregivers received reminder contact to support completion where feasible.

e Repeat follow-up instruments (REDCap): Structured questionnaires administered at
scheduled follow-up visits to capture time-varying exposures and outcomes. These

included infant health events (start/end dates of illness), infant and maternal
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medication exposure (with emphasis on antibiotic name, start date, and duration),
feeding practices, gastrointestinal symptoms (e.g., stool frequency/consistency), and
relevant household/environmental exposures. Caregivers were asked to retain and
present medication packaging to improve accuracy of antibiotic documentation.

e Field notebook (research team): Used to record additional contextual information not
captured in the structured questionnaires that could influence exposure
interpretation, such as culturally mediated health practices (e.g., traditional remedies,
water supplementation practices, and procedures such as uvulectomy) or household

disruptions (e.g., relocation).

All instruments were linked using the infant’s pseudonymised study identifier, with REDCap

configured to include range and consistency checks to support data quality.

2.6 Laboratory methods

Laboratory procedures were conducted in two stages across two sites: DNA extraction was
performed at MMSH, Kano, while library preparation and shotgun metagenomic sequencing
were conducted at the University of Oxford. Protocols were informed by the pilot validation
study conducted in MMSH (Chapter 3) and were implemented with contamination control

and sample traceability measures throughout.

2.6.1 DNA extraction and technical quality control

Total genomic DNA was extracted from infant stool using the QTAGEN PowerSoil Pro DNA
Isolation Kit (Qiagen, Luxembourg). Procedures were standardised across all timepoints and

incorporated minor optimisations informed by the pilot study (Chapter 3), including a 10-
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minute incubation at 65 °C to enhance lysis and extended bead beating (10 minutes; Vortex
Genie® 2 with 24-ring adapter) to maximise DNA yield from infant stool.

DNA concentration was quantified using the Qubit 4.0 fluorometer (dsSDNA HS assay).
Extracted DNA was stored at -20 °C for short-term preservation and shipment on dry ice to
the University of Oxford, where aliquots were stored at -80 °C until library preparation.
Each extraction batch included negative controls (blank kit bead-tubes and elution-buffer-
only controls) and a positive control (ZymoBIOMICS HMW DNA Standard; Zymo
Research) processed alongside study samples. Additional procedures for contamination
assessment and negatives-informed background control are described in Section 2.7 and

implemented in Section 2.8.4.

2.6.2 Library preparation and shotgun sequencing

Shotgun metagenomic sequencing was selected over 16S rRNA amplicon sequencing to

enable species- and strain-level taxonomic resolution and direct detection of ARGs.

Library preparation was performed at the University of Oxford using the Oxford Nanopore
Technologies (ONT) Rapid Barcoding Kit 96 (SQK-RBK110.96) with R10.4.1 flow cell
chemistry, following manufacturer guidance with minor optimisations for high-throughput
processing. For each biological sample, three sequencing aliquots were prepared and
sequenced independently; the resulting FASTQ files were subsequently concatenated to

generate a single merged FASTQ per sample for downstream bioinformatic processing.

Briefly, DNA aliquots were arrayed in 96-well plates, barcoded, pooled, and bead-cleaned
using AMPure XP magnetic beads. Libraries were quantified using the Qubit dsSDNA BR
assay prior to loading. Sequencing was performed initially on a GridlON with progression

to a PromethION P2 Solo. Low-biomass samples (primarily Day 0-1) were sequenced at
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available DNA concentrations without amplification, in order to preserve representation of

early colonisation signals.

2.6.3 Sequencing Output and Data Handling

Sequencing yields varied across timepoints, reflecting differences in biomass and extracted
DNA concentration. Across the thesis dataset, the median yield per sample was
approximately 316 Mb (IQR: 59-956 Mb) (Table 2.1), with a cumulative yield of
approximately 494 Gb FASTQ. Rather than applying a fixed read-count threshold, samples
were retained for downstream analyses if they generated sufficient cleaned sequence to
complete the assembly- and mapping-based steps of the in-house bioinformatic pipeline
(Section 2.8). A small number of very low-yield libraries, predominantly early timepoint
samples, did not generate assembled contigs and therefore could not be processed through

downstream steps; analysed denominators are reported per timepoint and analysis.

Raw sequencing outputs were securely transferred to University of Oxford servers and
stored using pseudonymised study identifiers, with the re-identification key retained

separately under restricted access (Section 2.2).
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Table 2.1: Summary of sequencing yield and processing feasibility across analysed infant stool

metagenomes

Metric

Value

Notes / interpretation

IQR  reads per

sample

Median total bases
per sample
Operational
processing criterion

(in-house pipeline)

189,000 — 870,000

316 Mb

Assembly-dependent

processing feasibility

Reflects variability in yield across timepoints, with
lower read counts more common in early postnatal
samples

Overall sequencing depth across the thesis dataset;
yields varied substantially by sampling day.

Samples were retained for primary analyses if cleaned
non-host reads supported per-sample assembly
(metaMDBG) and completion of downstream steps
(taxonomic classification, ORF calling, ARG
annotation, read mapping, and reporting). A small
number of very low-yield early samples did not
generate contigs and therefore could not be processed
through the full pipeline; denominators are reported

per timepoint/analysis.

A small number of very low-yield early postnatal samples did not generate assembled
contigs with metaMDBG and therefore could not be processed through downstream
assembly-dependent steps (taxonomic classification, ORF calling, ARG annotation, read

mapping, and report generation). Such samples were excluded from assembly-based

analyses; analysed denominators are reported by timepoint and analysis.
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2.7 Quality control procedures

Robust quality control (QC) procedures were implemented across sample handling,
sequencing, and bioinformatic processing to minimise background contamination, manage
host DNA, and ensure traceability of outputs. QC procedures were applied consistently
across the dataset. Summary QC outcomes and the derivation of analysis-ready
denominators are reported at the start of Chapter 5, with full per-sample QC metrics and

diagnostics provided in Appendix A.3: Supplementary data 1.

2.7.1. Contamination controls: extraction and sequencing controls

Each extraction batch included negative controls processed alongside study samples, an
extraction control (blank, no sample), and elution-buffer-only controls to monitor reagent-
derived background signal. The sequencing negative control was the library kit elution
buffer. A positive control (ZymoBIOMICS HMW DNA Standard, Zymo Research) was
included in each sequencing run to monitor run-to-run consistency and barcode

performance.

Several sequencing runs did not include a negative control, particularly the initial
sequencing runs; therefore, contamination assessment and downstream background control
did not rely exclusively on run-specific blanks. Instead, all available extraction and library
blanks across runs were pooled to define a global background profile. This approach avoided
applying subtraction only to the subset of runs with negatives (which would risk introducing
an artificial batch effect) and enabled a consistent background model to be applied across

the full dataset (implementation in Section 2.8.4).
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2.7.2. Host DNA Removal

Given the high proportion of host-derived DNA expected in neonatal stool particularly at
Day 0-1 due to low microbial biomass and meconium, reads were screened against the
human reference genome (GRCh38) and host reads removed prior to taxonomic and
resistome profiling. Host decontamination was performed using Hostile v1.1.0, following
read-level cleaning (fastp; Section 2.8.1). Host-derived reads were excluded from all

downstream analyses.

To support auditability and sensitivity analyses, host removal was quantified per library by
recording the number of reads entering Hostile (“reads_in”’) and the number retained after
host removal (“reads_out”); the fraction removed was taken as an estimate of host burden.
Two host-burden flags were prespecified for robustness checks: high-host libraries (>20%
reads removed as host) and extreme-host libraries (>70% reads removed as host). These
flags were used for interpretive caution and sensitivity analyses (Section 2.9.5), with

analysed denominators reported per timepoint and analysis.

2.7.3. Sequencing depth normalisation

Sequencing yield varied across timepoints and participants, with early postnatal samples
generally producing lower microbial sequence due to biological low biomass. Downstream
analyses therefore used normalised abundance measures and compositional transformations

appropriate to each outcome:

e Microbiome summaries: bacterial community profiles were analysed using bacteria-
restricted relative abundance tables (normalised to sum to one after restricting to

bacterial taxa).
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e Resistome composition: where appropriate, resistome feature tables were analysed
using centred log-ratio (CLR) transformations and Aitchison distances.

e Resistome burden outcomes: burden-style summaries were expressed using depth-
normalised measures derived from read-to-feature counts (e.g., reads per million

(RPM)) and/or log10-transformed totals with a pseudocount (see Section 2.9).

Robustness checks based on yield and host-burden flags are described in Section 2.9.5, as
the detection of low-abundance genera/ARGs can remain sensitive to sequencing depth even

after conversion to proportions.

2.7.4 Data Traceability and Replicates

All samples and outputs were tracked using pseudonymised infant study identifiers recorded
in REDCap and propagated through laboratory and bioinformatic workflows. For each
biological sample, three sequencing aliquots were prepared and sequenced independently
(Section 2.6.2); replicate FASTQ outputs were reviewed for gross inconsistencies (e.g.,
unexpectedly low yield or barcode anomalies) and concatenated to generate a single merged

FASTQ per sample prior to downstream processing (Section 2.8.1).

2.8 Bioinformatics and computational analysis

Bioinformatic processing of metagenomic data was performed using an in-house long-read
pipeline that integrates host decontamination, per-sample assembly, taxonomic
classification, and ARG profiling. The workflow was implemented in Snakemake and

executed within Conda-managed environments. Pipeline code and documentation are
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provided in the project repository (GitHub link provided in Appendix A.1, Supplementary

data 1). An overview of the pipeline is shown in Figure 2.3.

A small subset of very low-yield early samples (primarily Day 0-1) did not complete
assembly-dependent steps of the in-house workflow. Where needed for descriptive context,
such samples were processed using BugSeq, a cloud-based bioinformatics platform designed
for rapid, automated microbiology sequencing analysis (Fan et al., 2021), for limited
taxonomic screening only. BugSeq-derived outputs were not used for analyses requiring
contigs, ORF prediction, read-to-contig mapping, contig-linked ARG quantification, or

host-assignment summaries; analysed denominators are reported per timepoint and analysis.

2.8.1. Preprocessing and quality control

Raw sequencing data underwent real-time basecalling and adapter trimming in MinKNOW
using Guppy v6.4.2, 6.4.6, 7.3.9, 7.3.11, 7.4.12, 7.4.13 with the super-accuracy model for
R10.4.1/E8.2 pores (dna r10.4.1 e8.2 400bps sup.cfg). Read-level cleaning was
performed using fastp v0.23.4, trimming low-quality ends and removing reads failing
prespecified criteria (mean Phred < 7; post-trim length < 40 bp; >50 ambiguous bases; and
low sequence complexity). Summary metrics (read count, total bases, median read length,
N50, and mean Phred quality) were recorded before and after cleaning to support QC
auditing (QC outcomes reported in Chapter 5; full metrics in the Appendix A.3:
Supplementary data 1). Where required, auxiliary utilities (e.g., seqkit v2.8.2) were used for

FASTQ handling and summary.

Following read cleaning, host read removal was performed using Hostile v1.1.0 as described
in Section 2.7.2, generating per-sample host-depleted long-read FASTQ files. Host-depleted

reads were then assembled per sample using metaMDBG v1.1 to generate contigs, enabling
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contig-linked taxonomic and ARG annotation. Samples that did not produce assembled
contigs could not proceed through subsequent assembly-dependent steps; analysed

denominators are therefore reported per timepoint and analysis.



57

Mopped
reads

Figure 2.3: Overview of the long-read bioinformatics workflow for taxonomic and antimicrobial
resistance profiling.

Raw Oxford Nanopore FASTQ reads were first decontaminated by removing human reads with Hostile
to generate cleaned long reads. Cleaned reads were assembled per sample using metaMDBG to produce
contigs, which were taxonomically classified with Kraken2 to generate a contig-based taxonomic
profile. In parallel, open reading frames were predicted from contigs using Prodigal (GFF/FAA outputs)
and antimicrobial resistance genes were identified using RGI against the CARD database to generate an
AMR feature table. To estimate gene-level abundance, cleaned reads were mapped back to assembled
contigs using BWA-MEM and summarised with featureCounts to produce a per-sample gene count
table. An in-house integration script combined the taxonomic profile, AMR calls, and abundance outputs
to generate the final per-sample AMR—taxa report used in downstream analyses.
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2.8.2. Taxonomic profiling

Taxonomic classification was performed on assembled contigs using Kraken2 v2.1.4 with a
RefSeq-derived database including bacterial genomes and plasmid sequences (database
snapshot downloaded September 2024). Contig-level taxonomic assignments were

summarised to generate per-sample taxonomic profiles for downstream ecological analyses.

Diversity metrics and community-composition analyses were computed in R (v4.3.1) using
established packages including phyloseq and vegan, operating on bacteria-restricted

relative-abundance tables as described in the chapter-specific methods (Chapters 5-6).

2.8.3. ARG and MGE detection

Genes were predicted from assembled contigs using Prodigal v2.6.3, producing GFF and
FAA outputs. ARGs were identified using the Resistance Gene Identifier (RGI v6.0.4)
against CARD, generating per-sample AMR feature tables. Unless otherwise stated in
chapter-specific analyses, downstream resistome summaries were based on the CARD “Best
Hit” ARO feature calls and curated mappings to drug class and mechanism (Chapter 5;

Chapter 2 statistical methods).

To estimate gene-level abundance, cleaned reads were mapped back to assembled contigs
using BWA-MEM, and alignments were processed with SAMtools v1.21. Gene-level counts
were generated using featureCounts v2.0.8, assigning mapped reads to predicted ORFs
based on Prodigal-derived annotations. Per-sample ARG abundance summaries were
expressed as normalised measures derived from these counts (e.g., relative abundance and

transformed totals with a pseudocount for burden-style outcomes), with the specific
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transformations and modelling approaches described in Section 2.9 and in chapter-specific

methods (Chapters 5-6).

2.8.4 Integration of taxonomic and resistome outputs

Contig-level taxonomic classifications were linked to ARG-bearing contigs to enable host
assignment summaries for selected priority ARGs in chapter-specific analyses (e.g., blactx-
M-15 host mapping). Final outputs from the pipeline included per-sample taxonomic profiles,
AMR feature tables, gene count tables, and an integrated per-sample AMR—taxa summary
report (AMR taxa report.tsv), which served as the primary input to downstream statistical

analyses.

A “negatives-informed” background control was implemented at the feature-table level
using pooled negative controls, as described in Section 2.7.1. Three complementary
approaches were applied and compared: microDecon (proportional subtraction using the
pooled blank composition under non-negativity constraints), decontam (prevalence mode)
as a contaminant-flagging screen, and a rule-based prevalence/blank-dominance screen. To
minimise over-correction, the microDecon-subtracted table served as the “correction
method” for downstream analyses. Decontam and rule-based screening were used to

generate contaminant flags for review and sensitivity checks.

To account for the fact that clinically plausible gut taxa may appear at low levels in negative
controls (e.g., due to barcode bleed or low-level carryover), removal was restricted to
features that were both blank-enriched and biologically unlikely to be neonatal gut
organisms; plausibly gut-associated taxa were retained but could be flagged for interpretive

caution in sensitivity analyses (Section 2.9.5).
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2.9. Statistical analysis

Statistical analyses were designed to (i) describe maturation of the infant gut microbiome
and resistome over the first 90 days of life, and (ii) evaluate associations with key early-life
exposures, including mode of delivery, infant feeding practices, and antibiotic exposure.
Analyses were conducted in R (v4.3.1). Chapter 2 provides the general analytic framework;
chapter-specific modelling choices, outcome definitions, and clinically focused endpoints

are detailed in Chapters 5 and 6.

2.9.1 Overview of data structure and general approach

The dataset comprises repeated stool metagenomes collected longitudinally from each infant
at scheduled postnatal days. All analyses accounted for repeated measures where applicable.
Unless otherwise stated, analyses were performed on bacteria-restricted relative abundance
profiles for microbiome summaries and on ARG feature tables derived from CARD/ARO
calls for resistome summaries (Sections 2.8 and Chapters 5-6). Analyses used normalised
abundance measures and compositional methods appropriate to each outcome (Section

2.7.3).

2.9.2. Microbiome diversity and composition

Alpha diversity was summarised using Shannon diversity and observed richness, calculated
from bacteria-only relative abundance tables (constructed after excluding host and non-
bacterial reads, and normalising bacterial genus/species counts to sum to one). Observed
richness was defined as the number of genera/species with non-zero relative abundance after

bacterial restriction and preprocessing. Because detection of low-abundance taxa can remain
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sensitive to sequencing yield, robustness checks based on host burden and yield restrictions
were included where applicable (Section 2.9.5). Cross-sectional comparisons at scheduled
timepoints used regression-based models where appropriate, and longitudinal trajectories
were described using mixed-effects models with infant-level random intercepts to account

for within-infant correlation.

Between-sample community composition was quantified using Bray-Curtis dissimilarity on
bacteria-only relative abundance profiles and visualised using principal coordinates analysis
(PCoA). Associations between composition and explanatory variables were tested using
PERMANOVA (vegan::adonis2). Where repeated measures were included, permutations
were constrained within infant to preserve the longitudinal structure. Differences in
multivariate dispersion were assessed using betadisper as a diagnostic to support

interpretation of PERMANOVA findings.

2.9.3. Resistome summaries and composition

ARG features were represented at CARD ARO level and, where required for interpretability,
mapped to drug class and mechanism using curated annotations (Chapters 2 and 5).
Resistome analyses were expressed in relative terms (no absolute quantification), consistent

with the absence of spike-ins or qPCR calibration.

For interpretable burden-style summaries, total ARG abundance was analysed on a log10
scale with a pseudocount (e.g., logio(total ARG + 1)), as implemented in Chapter 6. Feature-
level and class-level summaries were described using normalised abundance measures

derived from RPM read-to-feature counts.
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Resistome compositional structure was analysed using log-ratio methods where appropriate
(centred log-ratio transformation and Aitchison distance), with ordination by PCoA and
hypothesis testing by PERMANOVA. Clinically focused endpoints (e.g., selected B-
lactamase markers and blactx-m-15 carriage) were analysed using presence/absence

definitions and logistic regression as described in Chapters 5-6.

2.9.4. Exposure-Outcome association modelling and covariate adjustment

Associations between early-life exposures and microbiome/resistome outcomes were

evaluated using models appropriate to the outcome distribution:

e Continuous outcomes (e.g., Shannon diversity, log-transformed ARG burden): linear
regression at scheduled timepoints and mixed-effects models for repeated measures
where relevant.

e Binary outcomes (e.g., ARG carriage or taxon presence/absence): logistic regression
at scheduled timepoints and mixed-effects logistic models where repeated measures

were used.

Exposure definitions and modelling windows were aligned to the study questions. Chapter
6 prioritised clinically interpretable cross-sectional models at prespecified milestones (D5,
D28, D90) and used additional longitudinal or exposure-anchored “acute window” analyses
for antibiotic perturbation dynamics. Covariates were prespecified on biological grounds
(infant sex, gestational age, birthweight), with additional variables included only where
supported by data completeness and relevance to the specific chapter aims (Chapters 5-6).
Missing data were handled using complete-case analysis within each model, with

denominators reported alongside results.
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Multiple testing was addressed using false discovery rate control (Benjamini—Hochberg)
where families of related hypotheses were tested (e.g., multiple taxa or multiple ARG
features), with emphasis placed on effect sizes and confidence intervals alongside adjusted

p-values.

2.9.5. Sensitivity analyses

Sensitivity analyses were used to assess robustness to analytic choices and data limitations.
These included: (i) alternative normalisation/transformation approaches for compositional
data (e.g., CLR-based analyses for resistome composition), (i1) diagnostics for dispersion
effects in PERMANOVA, and (iii) exclusion or separate handling of samples that could not
complete assembly-based processing due to very low yield (Section 2.8.1). Very low-yield
early samples processed outside the in-house assembly-dependent workflow (e.g., via
BugSeq) were limited to descriptive taxonomic screening and were not used for assembly-

linked ARG quantification or host-assignment analyses (Chapters 5-6).

To evaluate whether host-dominated libraries influenced key inferences, sensitivity checks
also considered exclusion or stratified handling of libraries flagged as high-host (=20% reads
removed as host) or extreme-host (>70% reads removed), as defined in Section 2.7.2. Where
a “negatives-informed” background control was applied (Section 2.8.4), sensitivity checks
considered whether conclusions were materially altered under contaminant-flagging criteria
(decontam and rule-based screening) relative to the microDecon (correction method) table.

Analysed denominators are reported by timepoint and model where applicable.
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2.10 Data management and reproducibility

Data handling and analysis workflows were designed to support transparency, traceability,
and reproducibility, consistent with FAIR (Findable, Accessible, Interoperable, Reusable)

principles.

2.10.1 Data Management

Participants were assigned pseudonymised alphanumeric study identifiers at enrolment,
which were used to label questionnaires, laboratory records, and all biological samples
throughout follow-up (Section 2.3.3). Personally identifiable information (e.g., names and
contact details) was stored separately from research datasets in REDCap on a secure
institutional server with role-based access controls. The re-identification key linking

identifiers to personal information was restricted to authorised study personnel.

Sequencing data generated at the University of Oxford were transferred using secure
institutional data-transfer procedures and stored on access-controlled servers. Access to
sequencing outputs and derived analysis files was limited to approved study investigators.
Routine checks were undertaken to verify file integrity following transfer and during

downstream processing.

2.10.2 Reproducibility

Bioinformatic processing was conducted using the in-house Snakemake workflow described
in Section 2.8. Software environments were managed using Conda with versioned

environment specifications to support reproducibility across computing systems. Pipeline
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source code, configuration templates, and documentation are available in the project

repository (GitHub link provided in Appendix A.1: Supplementary data 2).

Statistical analyses were conducted in R (v4.3.1, 4.5.0) using version-controlled scripts
(RMarkdown), with session information captured to record package versions and
computational settings. Intermediate outputs (e.g., taxonomic tables, ARG feature tables,
distance matrices) were stored in structured formats (CSV/TSV) with accompanying

metadata to support auditability and re-analysis.

Summary statistics and analysis code underpinning thesis figures and tables are intended to
be deposited in an institutional open-access repository upon thesis submission. Raw
sequencing reads are intended for deposition in the European Nucleotide Archive (ENA);

accession details will be provided with relevant publications.

2.10.3 Quality Assurance

Consistency checks were performed to confirm alignment between REDCap metadata,
laboratory logs, and sequencing outputs (e.g., sample identifiers, collection dates, and
sequencing run information). Quality control checkpoints relating to contamination controls
and host-read removal are described in Section 2.7 and were evaluated in the pilot validation
study (Chapter 3). Because early-life samples vary substantially in microbial biomass and
sequencing yield, downstream inclusion for assembly-dependent analyses was based on
completion of the in-house processing workflow; analysis denominators are reported by

timepoint and model where applicable.
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Chapter 3: Validating DNA extraction for neonatal, low-biomass
metagenomics in a resource-limited setting
A major part of this chapter was adapted and modified from the following first-author peer-

reviewed publication:

Chinenye Akpulu®, Aditya Kumar Lankapalli, Rida Toufiq, Kate Cook, Edward AR
Portal, Rashida Yakubu Khalid, Aisha Mukkadas, Safiya Gambo, Aliyu Aminu, Kenneth
Iregbu, Kathryn Thomson, Timothy Walsh and Kirsty Sands (2025). Comparative
evaluation of DNA extraction protocols for neonatal gut microbiota profiling in a resource-
limited setting. The Microbe, 7: 100398. (co-authors contributions are listed in Appendix A.

2, Supplementary data 1).

This chapter reports a pilot comparison of DNA extraction protocols for infant stool
performed in Kano, evaluating yield, read length/assembly potential, practical consideration,
and downstream metagenomic performance. The kit of choice was selected based on the
best combination of yield and read length at a sustainable cost and documented the

operational implications (time-to-extraction) for the main study.

3.1 Introduction

The efficiency and representativeness of DNA extraction fundamentally constrain what can
be recovered from a metagenomic dataset. Variation in extraction performance can bias total
microbial DNA yield, distort observed taxonomic composition, and alter DNA integrity
(fragment-size distribution), while co-extracted inhibitors can further reduce library
conversion and sequencing performance (Costea et al., 2017; Lim et al., 2020; Quince et al.,

2017). Together, these parameters influence downstream read-length distributions, assembly
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contiguity, community composition estimates, and the recoverability of ARGs within their
chromosomal or mobile genetic contexts (Costea et al., 2017; Gand et al., 2023; Salter et al.,

2014).

This dependence is particularly acute for long-read sequencing. ONT workflows benefit
from high-molecular-weight (HMW) DNA and stable fragment-size distributions, which
support long reads, improved assembly, and ARG-context inference (Maghini et al., 2021;
Moss et al., 2020). However, extraction imposes opposing requirements: stronger
mechanical lysis improves recovery of resilient taxa (notably Gram-positive organisms) but
increases DNA shearing; gentler conditions preserve longer fragments but risk under-
recovering cell-wall-rich organisms, and such deficits cannot be fully corrected downstream
(Gand et al., 2023; Moss et al., 2020). In neonatal cohorts, where microbial biomass and
microbial DNA mass are often low and the proportion of host DNA can be high, DNA
extraction is therefore a principal rate-limiting step for genome-resolved inference (Gallo et

al., 2023; Kennedy et al., 2023; Turunen et al., 2024).

Early neonatal stool poses distinct laboratory challenges for metagenomic studies. Biomass
is typically lowest for meconium, the first stool after birth, and rises rapidly over the first
days to weeks of life (Dos Santos et al., 2021; Kennedy et al., 2023; Seki et al., 2021). Early
life exposures, including intrapartum factors, antibiotic exposure, and mode of delivery, can
alter early colonisation trajectories and delay establishment of typical anaerobic
communities in some cohorts, potentially leaving some early samples borderline for
metagenomic workflows(Cho et al., 2012; Eisenhofer et al., 2019; Jakobsson et al., 2014;
Mitchell et al., 2020; Reyman et al., 2022; Shao et al., 2019). Human DNA frequently
predominates in neonatal samples because epithelial cells and mucus constitute a larger

fraction of early faeces; unless depleted or computationally removed, this reduces effective
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microbial sequencing depth and can determine whether a sample remains analysable
following host-read removal (Eisenhofer et al., 2019; Turunen et al., 2024). In addition,
neonatal stool can contain inhibitors (e.g., bile salts and complex polysaccharides) that
hinder lysis efficiency and disrupt end-repair and ligation during library preparation, thereby

reducing library conversion and introducing bias (Maghini et al., 2021).

Community standardisation efforts for faecal microbiome methods, developed largely
around adult stool inputs and predominantly short-read workflows, have demonstrated that
DNA extraction choices can materially influence observed community structure (Costea et
al., 2017; Wesolowska-Andersen et al., 2014). Protocols aligned with the International
Human Microbiome Standards (IHMS), including Protocol Q, were developed primarily for
adult stool and relatively large input masses in well-resourced laboratory settings. Neonatal
low-biomass samples have fewer widely adopted, standardised extraction protocols tailored
to long-read metagenomics, and performance is likely to be context-specific. Adapting adult
standards to neonatal ONT work therefore introduces specific challenges. First, input
assumptions: bead-beating durations and buffer volumes calibrated for adult faeces risk
overdiluting small neonatal aliquots and may still under-recover DNA when only limited
material is available (Stinson et al., 2018). Second, host fraction: adult protocols rarely
report host DNA as a primary performance metric, yet in neonatal extracts the host fraction
often dictates whether sufficient microbial reads remain after host filtering for meaningful
downstream analysis (Bittinger et al., 2020). Third, implementation constraints:
uninterrupted power, routine -80°C storage, and automated bead-beaters cannot be assumed
in many clinical laboratories in LMIC settings. Under such conditions, workflow steps must
match available equipment, staffing capacity, and cold-chain reliability, while still achieving

lysis sufficient for resilient taxa without excessive DNA shearing.
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This work was conducted under conditions typical of a resource-limited setting: a temporary
laboratory environment designed from a shipping container, intermittent electricity, and
constrained cold-chain capacity (Figure 4.9). Within these constraints, the pilot experiment
was designed to address two linked questions: (i) which extraction approach can consistently
recover sufficient, high-integrity microbial DNA from neonatal stool to support long-read
metagenomics; and (ii) which operational parameters, particularly time-to-extraction and
interim storage conditions, minimise avoidable loss of microbial DNA yield and integrity
under field-to-laboratory timelines typical of MMSH. Evidence from stool preservation
studies indicates that storage conditions and processing delays can alter measured
community composition and reduce recoverable DNA (Lim et al., 2018; Stinson et al.,
2018), reinforcing the need to define feasible operating procedures when immediate
extraction is not guaranteed. Accordingly, the evaluation of extraction methods here was
paired with the development of practical standard operating procedures for use in similar

settings.

Comparative evaluations of DNA extraction methods often report yield, purity, and
sometimes diversity metrics under controlled conditions, most commonly using adult stool.
Operational reports, by contrast, focus on feasibility (cost, staffing, procurement, supply
chains) but rarely connect those realities to long-read-relevant metrics, such as fragment
length distributions and post-extraction host fraction, which strongly influence the value of
ONT sequencing. For neonatal long-read work in LMIC hospitals, what remains relatively
scarce is an integrated assessment that concurrently considers: (i) whether sufficient intact
microbial DNA can be recovered to justify ONT library preparation; (ii) attainable read
length and assembly-relevant proxies; (iii) realistic post-filter host DNA burden; and (iv)

whether these outcomes are preserved under laboratory constraints on power, storage,
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transport, and procurement. This chapter addresses that gap by evaluating extraction

performance and feasibility together under MMSH operating conditions.

To address these gaps, three commercially available DNA extraction kits were compared:
QIAamp Fast DNA Stool Mini (Fernandez-Pato et al., 2024), DNeasy PowerSoil Pro
(Costea et al., 2017; Maghini et al., 2021), and ZymoBIOMICS DNA Miniprep (Sudjai et
al., 2022; Wongsurawat et al., 2019). These kits were selected because they are widely used
in gut microbiome studies, are compatible with downstream long-read library preparation
workflows, and are potentially deployable in LMIC laboratories, representing different
design trade-offs between lysis strength, DNA integrity, hands-on time, and cost. Prior to
selection, relevant protocols and kit comparisons were identified through a targeted PubMed
search conducted in October 2022. Searches utilised various combinations of the following
terms using Boolean operators (AND/OR): “stool DNA extraction kit”, “metagenomics”,
“long-read microbiome sequencing”, “LMIC”, and “developing countries”, prioritising
approaches that were frequently used, required minimal specialised equipment, and could

accommodate low-biomass inputs.

Prior to selection, relevant protocols and kit comparisons were identified through a targeted
PubMed search (queries included “stool DNA extraction kit metagenomics”, “long-read
sequencing microbiome”, and “DNA extraction LMIC”), prioritising approaches that were
frequently used, required minimal specialised equipment, and could accommodate low-

biomass inputs.

In this study, ONT sequencing was used because it is comparatively portable and deployable,
with lower infrastructure requirements than some short-read platforms and can enable

genome-resolved analyses when extraction conditions support sufficient DNA integrity
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(Chen et al., 2023; Elliott et al., 2020; Wasswa et al., 2022). Across multiple extraction
methods and storage/processing conditions, ONT-derived yield and downstream taxonomic
profiles were compared to identify a kit—condition combination that is analytically effective
and logistically workable when immediate extraction cannot be guaranteed. Strengthening
upstream sample preparation under these constraints was intended to enable reliable, high-
quality long-read metagenomic data from neonatal cohorts in LMIC settings, reduce

methodological barriers, and support more inclusive and scalable microbiome research.

Aim and objectives

The aim of the pilot experiment was to identify a neonatal stool DNA extraction approach
that supports ONT long-read metagenomics and is deliverable at the study site MMSH,

Kano, balancing analytical performance with operational feasibility.

Objectives.

1. Quantify DNA yield to assess suitability for ONT library preparation.

2. Describe read-length distributions and assembly-relevant indicators, recognising that
observed differences may reflect combined effects of extraction and handling

conditions.

3. Compare per-sample consumables, hands-on time, and failure rates, to identify a

method that is robust in routine practice.

4. Examine how time-to-extraction and interim storage conditions are associated with

yield and HMW preservation within ward-to-laboratory intervals typical of MMSH.
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3.2 Methods

3.2.1. Ethics approval and study setting

Ethical approval was obtained from the National Health Research Ethics Committee of
Nigeria (NHREC/2022/3448) and the Oxford Tropical Research Ethics Committee
(OxTREC/REF:36-22). Parents or legal guardians provided written informed consent prior

to enrolment.

The work was conducted at MMSH, Kano, Nigeria (intermittent power, routine -20°C cold
chain, and constrained procurement, see section 4.2.1 for mor details). The methods below

were selected to be feasible under these conditions.

3.2.2. Participants, sampling and design

Stool was collected from five neonates during the first postnatal day in the hospital maternity
unit (Day 0-Day 1 of life). Fresh specimens were placed into sterile containers, labelled,

maintained on ice, and transferred directly to the on-site laboratory.

To mimic realistic handling constraints, each specimen was homogenised and split across

six storage/preservation conditions prior to extraction (Figure 3.1):

1. No additive; processed same day (fresh, no stabiliser).

2. DNA/RNA Shield (Zymo Research), 24 h at room temperature (RT).

3. DNA/RNA Shield, 24 h at 4 °C.

4. DNA/RNA Shield, 24 h at -80 °C.
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5. DNA/RNA Shield, 48 h at RT.

6. Charcoal swab storage, 6 weeks at 4 °C.

This produced six stool aliquots per neonate. Each aliquot was extracted using each of three
kits (Section 3.2.3), yielding 90 DNA extracts in total (5 neonates x 6 conditions X 3 Kkits).
All extracts contributed to the extraction-yield and feasibility comparisons. A subset of

extracts was selected for downstream sequencing as described in Section 3.2.6.
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Figure 3.1 Study design for neonatal stool storage and extraction comparison.

Stool from five neonates (Day 0—Day 1) was allocated to six storage/preservation conditions: no additive (same-day processing); DNA/RNA Shield stored for 24 h
at RT, 4°C, or —80°C; DNA/RNA Shield stored for 48 h at RT; and charcoal swab storage for 6 weeks at 4°C. Aliquots from each condition were extracted using
three kits representing contrasting lysis strategies: QlAamp Fast DNA Stool Mini (SM), DNeasy PowerSoil Pro (PS), and ZymoBIOMICS DNA Miniprep (ZB),
yielding 90 extracts in total (5 x 6 x 3). RT = room temperature. Reproduced from Akpulu et al., 2025.
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3.2.3 Selection of DNA extraction kit

The three commercially available kits selected as described in 3.1 were:

e QIAamp Fast DNA Stool Mini (Qiagen); referred to as protocol SM.

e DNeasy PowerSoil Pro (Qiagen; formerly MoBio); referred to as protocol PS.

e ZymoBIOMICS DNA Miniprep (Zymo Research); referred to as protocol ZB.

All three kits use chemical lysis and silica spin-column purification (Table 3.1). PS and ZB
incorporate bead-beating (mechanical lysis), whereas SM relies primarily on vortex-based
disruption with a high-temperature denaturation step.

Table 3.2 Features and operational requirements of three commercial DNA extraction

kits evaluated for neonatal stool.

DNA Extraction Methods SM PS 7B
Mechanical lysis Vortex Bead-beating Bead-beating
Chemical lysis Yes Yes Yes
C for 1 .
Thermal lysis 05°C for 10mins 0> < tor 10 mins
(optional)
Spin column-
DNA purification method Spin column-based Spin column-based  based
Cost of kit (50 Preparations) ~£290 ~£374 ~£417
Processing time per 12
samples ~1.5 - 2 hours ~1.5 - 2 hours ~2 —2.5 hours

Micro-centrifuge

Micro- '
Heat block (optional) icro-centrifuge

Micro-centrifuge

i Vort
Equipment needed Heat block Vortexer ortexer

SM = QIAamp Fast DNA Stool Mini (Qiagen); PS = DNeasy PowerSoil Pro (Qiagen); ZB =
ZymoBIOMICS DNA Miniprep (Zymo Research). Costs and runtimes reflect container-laboratory
conditions at MMSH. Differences map onto expected trade-offs between inhibitor tolerance, HMW
DNA preservation, and feasibility under limited infrastructure.
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3.2.4. DNA extraction procedures

For solid stool, approximately 220-250 mg was processed per extraction. For stool

preserved in DNA/RNA Shield, 200 uL of the suspension was used.

Protocol SM (QIAamp Fast DNA Stool Mini). Stool was homogenised in InhibitEX
buffer followed by proteinase K and chaotropic lysis. After incubation, ethanol was
added and lysate loaded onto silica columns. Columns were washed as per kit

instructions and DNA eluted in 200 pL elution buffer.

Protocol PS (DNeasy PowerSoil Pro). Material was transferred into bead tubes with
lysis buffer, bead-beaten (Vortex-Genie 2; 10 min), and incubated at 65°C for 10 min
before clarification. Inhibitor removal buffers were applied, DNA bound to spin

columns, washed, and eluted in 100 pL.

Protocol ZB (ZymoBIOMICS DNA Miniprep). Material was combined with lysis
buffer in bead tubes and bead-beaten. After clarification, lysate was passed through
a Zymo-Spin III-F filter. DNA was bound to silica, washed, eluted in 100 pL
nuclease-free water, and further cleaned using the Zymo-Spin HRC column to reduce

inhibitors.

3.2.5. DNA quantification

DNA concentration was measured using a Qubit 4 fluorometer (Life Technologies) with

dsDNA HS or BR assays as appropriate. DNA yield (ng) was calculated as concentration

multiplied by elution volume.
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3.2.6. Library preparation and sequencing

As SM frequently produced insufficient yield across storage/preservation conditions,
downstream sequencing focused on extracts generated using PS and ZB from conditions
selected to represent: (i) same-day processing, and (ii) longer-term storage (week-6 charcoal
swab condition). Prior to library preparation, extracts were concentrated using SPRI (solid-
phase reversible immobilisation) bead cleanup (AMPure XP) and eluted in 30-70 pL,

targeting approximately 15-20 ng/uL.

Sequencing libraries were prepared using the ONT Rapid Barcoding Kit (SQK-RBK114.96)
and run on GridION using R10.4.1 flow cells (Oxford Nanopore Technologies, UK),
following the manufacturer’s instructions. The Rapid PCR-free Barcoding workflow was
selected to accommodate the lower DNA input concentration typical of neonatal low-
biomass extracts, while reducing per-sample costs. This approach follows the ONT protocol

for high-throughput, cost-effective library preparation from limited starting material.

3.2.7. Bioinformatics processing

Raw signals were basecalled, demultiplexed, and adapter-trimmed using Guppy v6.4.2.
Initial QC summaries were generated with SeqKit v2.6.1. Low-quality or very short reads

were removed using NanoQ v0.10.0, applying filters of Q < 10 and read length < 100 bp.

Filtered reads were classified using Kraken2 v2.1.3 against the PlusPFP database (release
2024-01-12). Abundances were re-estimated using Bracken and exported as BIOM format

via kraken-biom v1.0.1 for downstream analysis.
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3.2.8. Statistical analysis and diversity

Analyses were performed in R v4.4.1. BIOM tables were imported into phyloseq v1.42.0
and visualised using ggplot2 v3.5.1. To support like-for-like comparisons in this small pilot,
samples were rarefied to equal depth (phyloseq::rarefy even depth), and alpha diversity
metrics (Observed richness, Shannon, Simpson, Inverse Simpson) were calculated using

microbiome v1.20.0.

Beta diversity was assessed using Bray—Curtis distances and visualised using PCoA
ordination. Group differences by kit and storage condition were assessed using
PERMANOVA (adonis2; vegan v2.6.6.1), with dispersion differences evaluated using

betadisper followed by permutest.

For univariate outcomes, between-kit differences in DNA yield were analysed using
Friedman tests across kits (SM, PS, ZB) while preserving within-infant pairing, followed by
paired Wilcoxon signed-rank post-hoc comparisons with Holm adjustment for the three
pairwise contrasts. Within-kit storage/timing effects (PS and ZB analysed separately) were
assessed with Friedman tests across time points (same-day; Day 1 DNA/RNA Shield; Day
2 DNA/RNA Shield; week-6 charcoal swab), followed by paired Wilcoxon post-hoc tests
with Holm adjustment. Effect sizes for paired contrasts are reported as Hodges—Lehmann
median differences with 95% confidence intervals (Walsh averages). Paired Wilcoxon tests
were also used for read N50 and read-quality comparisons between kits. Non-parametric
procedures were chosen a priori given the small sample size and non-normal outcome

distributions.

Exploratory differential abundance analyses accounting for repeated measures was
conducted using MaAsLin3 with infant-level random intercepts, treating findings as

hypothesis-generating given the pilot sample size.
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3.2.8. Data availability

Raw reads are available under NCBI BioProject PRINA1260441. Software versions are
specified above. Analysis scripts and parameter files will be archived alongside the thesis
and deposited in a public version-controlled repository (GitHub) following thesis

submission.

3.3. Results

3.3.1. Protocol-specific DNA yield

Across all handling conditions (Figure 3.2), PowerSoil Pro (PS) and ZymoBIOMICS (ZB)
produced the highest DNA yields under same-day processing with no added preservative
(Day 0), while Stool Mini (SM) yielded DNA consistently at/near the Qubit limit of
quantification (LoQ) and was effectively non-performant for neonatal stool under the

conditions tested.

On Day 0, median (IQR) yields were PS 742.7 ng (561.3-2000.0), ZB 285.7 ng (285.0-
2000.0), and SM 0.0 ng (0.0-0.0) (n = 5 per kit; constant input mass; Qubit HS assay). After
24-48 h storage in DNA/RNA Shield across temperature conditions, yields for PS and ZB
fell into the tens to low hundreds of ng, with the lowest yields observed after 48 h at room
temperature (Day 2 RT). Week-6 charcoal swab storage at 4 °C produced higher but more

variable yields for PS and ZB (Figure 3.2).

Using Friedman’s test with blocks defined by paired infant x condition (5 infants x 6
conditions = 30 blocks), there was strong evidence of overall yield differences between kits
(*=39.47,p=2.69x107?; Kendall’s W = 0.66). Paired Wilcoxon signed-rank contrasts with

Holm adjustment supported PS > SM and ZB > SM (both adjusted p < 0.001), whereas PS
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vs ZB was not statistically different (adjusted p = 0.236). Full per-condition contrasts
(including Hodges—Lehmann median differences with 95% Cls) are provided in Appendix

A. 2, Supplementary Table 3.1.

3.3.2. Effects of storage and time-to-extraction

Within-kit comparisons (n = 5 infants per time point) showed the highest yields with same-
day extraction (Day 0), reduced yields after 24 h in DNA/RNA Shield (Day 1; pooled per
infant as the median across -80 °C/4 °C/RT), the lowest yields after 48 h at room temperature
(Day 2 RT), and higher but more dispersed yields at Week 6 (charcoal swab; 4 °C) (Figure

3.2).

Friedman tests run separately by kit detected a time/storage effect for both bead-beating
protocols: PS ¥ =9.72, p=0.021 (W = 0.648) and ZB > = 12.60, p = 0.0056 (W = 0.840).
SM showed no evidence of a time effect, consistent with persistently negligible yields across
all conditions (%> = 3.00, p = 0.392; W = 0.200). On this basis, protocol SM was considered
unsuitable for neonatal low-biomass stool in this setting and was excluded from subsequent
downstream sequencing and community-level analyses, which therefore focus on the bead-

beating protocols PS and ZB.

Pairwise Wilcoxon signed-rank tests (Holm-adjusted) did not identify statistically
significant contrasts within PS or ZB across time points, although the largest paired shifts
were observed between Day 0 and Day 1/Day 2. Per-time medians (IQRs) by kit are

provided in Appendix A. 2, Supplementary Table 3.2.
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Figure 3.2 DNA yield by extraction kit across handling conditions.

Boxplots show total DNA yield (ng; Qubit HS assay) from five neonatal stool specimens
extracted using three protocols: SM (QIAamp Fast DNA Stool Mini), PS (DNeasy PowerSoil
Pro), and ZB (ZymoBIOMICS DNA Miniprep). Aliquots were processed under six handling
conditions: Day 0 (same-day extraction; no preservative added); Day 1 (24 h in DNA/RNA
Shield stored at —80 °C, 4 °C, or room temperature); Day 2 (48 h in DNA/RNA Shield at room
temperature); and Week 6 (charcoal swab stored at 4 °C). PS and ZB yielded highest DNA under
same-day processing with reduced yields after 24-48 h in DNA/RNA hield; SM yielded DNA

at/near the limit of quantification across all conditions.

3.3.3. ONT read-length distributions and assembly-relevant metrics

Sequencing was performed for PS and ZB extracts at Day 0 and Week 6 only; SM and the
Day 1/Day 2 Shield conditions were not sequenced due to insufficient practical input mass

(Section 3.3.1). Read-level summaries are shown in Figure 3.3 (N50), Appendix A.2
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Supplementary Figure 3.1 (read counts and total bases), and Appendix A.2 Supplementary

Figure 3.2 (mean read Q score).

Across both time points, PS tended to yield longer reads (higher N50) than ZB (Day 0 =~5.6
kb vs 4.1 kb; Week 6 =~4.6 kb vs 3.8 kb), but paired Wilcoxon tests found no statistically
significant PS-ZB differences (Day 0: p = 0.31; Week 6: p = 0.63). Within each kit, the Day

0-Week 6 change in N50 was also non-significant (PS: p = 0.63; ZB: p =0.19).

Median read quality was broadly similar between kits (Day 0 ~12.7-12.8). Week-6 ZB
libraries showed slightly higher median Q (~13.1) than PS (~12.7), but the paired contrast
was not significant (p = 0.63). Read counts and total sequenced bases were higher at Week
6 than Day 0, particularly for ZB; paired tests approached significance for ZB (reads p =
0.0625; bases p = 0.0625) but were not significant for PS. Overall, these data suggest a
modest tendency toward longer fragments with PS, while Week-6 throughput tended to be
higher with ZB, with no strong evidence of systematic differences at this sample size. Full

paired contrasts and 95% Cls are provided in Table S3.3.
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Figure 3.3 Comparison of read-level N50 across DNA extraction kits and storage times

Read N50 (bp) for ONT libraries prepared from PS and ZB extracts sequenced at Day 0 (same-day; no
preservative) and Week 6 (charcoal swab stored at 4 °C). Points indicate matched infants (S1-S5). (A) N50 by
extraction kit (PS vs ZB). (B) N50 by time point (Day 0 vs Week 6). Paired comparisons were assessed using
Wilcoxon signed-rank tests.

3.3.4. Community profiles signal

Species-level profiles (Kraken2/Bracken; PlusPFP database) were dominated by facultative
Enterobacteriaceae typical of early neonatal gut communities (Shao et al., 2019; Stewart et
al., 2018), with E. coli frequently abundant and variable contributions from Klebsiella,
Enterococcus, and Staphylococcus. In some infants, signal from early anaerobes (e.g.,
Bacteroides/Phocaeicola) and Bifidobacterium was detectable at low-to-moderate

abundance. Across infants, between-infant variability was greater than any visually apparent
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kit effect, and within-infant Day 0-Week-6 shifts were heterogeneous rather than uniform

(Figure 3.4).

To formally evaluate kit and time associations, a MaAsLin3 model including Day (Week 6
vs Day 0) and Kit (ZB vs PS) (with repeated measures handled as specified in Methods) was
fitted at the species level (Figure 3.5). Consistent with the visual summaries, few abundance
associations survived FDR correction, while a small number of prevalence associations were
detected. Overall, the pilot provides no evidence of a persistent kit-driven shift in community
composition under the sequencing depth achieved, with modest day-linked prevalence

changes detectable after multiple testing control.

Rarefied alpha diversity metrics (Observed richness, Shannon, Simpson, Inverse Simpson)
did not show consistent differences between kits (Figure 3.6A). Bray-Curtis PCoA showed
substantial overlap by kit (Figure 3.6B) and no clear separation by time point (Figure 3.6C),
supporting the conclusion that inter-individual variability dominates in this small pilot

dataset.
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Figure 3.4 Species-level taxonomic profiles of neonatal stool libraries by kit and time point

Stacked bar plots show species-level relative abundance estimated from Kraken2/Bracken classifications
(PlusPFP database) for PS and ZB libraries sequenced at Day 0 and Week 6 (five infants; 20 libraries). Bars are
grouped by infant (S1-S5) and labelled by kit and time point (PS/ZB; Day 0/Week 6). “Others” aggregates lower
abundance taxa; “Unclassified” indicates reads without species-level assignment.
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Figure 3.5 MaAsLin3 associations of species abundance and prevalence with kit and storage time

MaAsLin3 results evaluating associations with Day (Week 6 vs Day 0) and Kit (ZB vs PS) at the species level using
PS/ZB libraries sequenced at Day 0 and Week 6 (five infants; repeated measures as specified in Methods). Points
show estimated coefficients () for abundance (circles) and prevalence (triangles). Heat bars indicate FDR-adjusted
significance for prevalence and abundance; starred covariates denote FDR thresholds (* <0.1; ** <0.01). Figure
plotted by Aditiya Lankapalli
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Figure 3.6 Alpha and beta diversity by extraction kit and time point.

o
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(A) Alpha diversity (Observed richness, Shannon, Simpson, Inverse Simpson) for PS vs ZB libraries. (B)
Bray—Curtis PCoA coloured by extraction kit (PS vs ZB) with 95% confidence ellipses. (C) Bray—Curtis

PCoA coloured by time point (Day 0 vs Week 6) with 95% confidence ellipses. Each point represents one
library; paired samples correspond to the same infant across kit and/or time point.
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3.3.5. Operational feasibility and cost

This pilot was conducted in a hospital-adjacent laboratory designed from a shipping
container with intermittent power and limited equipment. In that context, protocols were

compared for execution reliability, production of library-eligible DNA, and per-sample cost.

In 12-sample batches, observed hands-on time aligned with kit workflows: PS and SM each
required ~1.5-2.0 h, and ZB ~2.0-2.5 h. All three workflows used spin-column purification
and required only a micro-centrifuge; SM required a 95 °C incubation, while PS used an
optional 65 °C step and ZB required no heating step. Critically, SM did not generate usable
yields for neonatal stool under any condition tested and therefore did not support sequencing.
In contrast, PS and ZB routinely produced concentrates (after SPRI cleanup) sufficient for
ONT Rapid Barcoding libraries for Day-0 and Week-6 conditions, whereas Day-1/Day-2

Shield extracts were generally below practical input requirements for long-read libraries.

Using list prices during the pilot, approximate extraction-only consumable costs were: SM
~£5.80, PS ~£7.48, and ZB ~£8.34 per prep. In practice, procurement constraints (lead times,
customs clearance, and supply continuity) were operationally important considerations
alongside the modest per-prep price differences, reinforcing the need to pre-position at least

one bead-beating kit (PS or ZB) for sustained neonatal metagenomics at the study site.

3.4. Discussion

This pilot aimed to identify a neonatal stool DNA extraction approach that enables ONT
long-read metagenomics and is feasible under field constraints at MMSH, balancing
analytical performance with operational practicality. Using stool from five neonates

processed across multiple storage and timing conditions, three commercial kits were
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compared; only the bead-beating protocols, PowerSoil Pro (PS) and ZymoBIOMICS
Miniprep (ZB), consistently produced DNA of sufficient to support library preparation, and
these were therefore taken forward for ONT sequencing. Overall, the pilot indicates that
mechanical lysis is required to obtain library-eligible DNA from neonatal low-biomass stool
in this setting; delays between collection and extraction are associated with substantial loss
of recoverable DNA; and, within this small dataset, biological differences between infants

were larger than any consistent differences attributable to the bead-beating kit.

The poor performance of SM is biologically plausible for early neonatal stool as these
samples are typically low biomass with a high host-DNA fraction and can contain organisms
that are inefficiently lysed without mechanical disruption (Bajorek et al., 2019; Kennedy et
al., 2023; Koenig et al., 2011). Under these conditions, bead-beating is needed to release
sufficient microbial DNA for long-read library preparation, whereas chemistry-only
extraction risks leaving microbial DNA below practical input thresholds. This interpretation
is consistent with published extraction method evaluations and stool DNA standards that
incorporate mechanical lysis to improve recovery of hard-to-lyse organisms and increase
total yield. Salonen ef al. showed up to 35-fold yield differences across faecal DNA methods
and highlighted the impact of mechanical lysis on recovery profiles; subsequent reviews and
experiments similarly conclude that bead-beating increases total DNA and improves
representation of Gram-positive lineages (Costea et al., 2017; Hsieh et al., 2016; Salonen et

al., 2010).

Storage and processing delay materially affected yield for both bead-beating protocols.
Same-day extraction (Day 0) produced the highest yields, with marked declines after storage
in DNA/RNA Shield at Day 1-2. Although pairwise post-hoc contrasts were not statistically

significant after Holm adjustment, effect-size estimates for Day 0 versus Day 1-2 were large



90

and directionally consistent, indicating a practically important reduction in recoverable DNA
with delay. The lack of pairwise significance most likely reflects limited power (n =5 paired
infants) and conservative multiplicity control rather than absence of a true effect. These
findings are compatible with handling and storage literature showing that delays and
suboptimal storage can affect DNA recovery and downstream metagenomic performance

(Choo et al., 2015; Holzhausen et al., 2021; Nel Van Zyl et al., 2020).

Importantly, aliquots stored in DNA/RNA Shield did not preserve library-eligible input in
this neonatal context. Although Shield is often reported to stabilise adult-stool profiles (Kim
et al., 2023; Preywisch et al., 2025), in this pilot Shield-stored neonatal aliquots generally
produced much lower recoverable DNA than same-day extraction and were rarely suitable
for ONT library preparation. A plausible explanation is that, in very low-biomass samples,
preservative-associated dilution and chemistry—workflow interactions can reduce effective
microbial concentration and exacerbate stochastic effects, potentially increasing
susceptibility to background signal (Hasrat et al., 2021; Rajar et al., 2022). Specifically, the
addition of a liquid stabilisation buffer to a small neonatal stool aliquot creates a dilute
slurry; if the DNA recovery from this volume is already near the kit's lower limit, the

reduction in biomass-to-buffer ratio can lead to the observed precipitous drop in total yield.

By contrast, Week-6 charcoal swab storage sometimes yielded sufficient DNA, but with
substantial variability across infants. The higher yields observed in some Week-6 charcoal
swabs compared to the Day 1-2 Shield samples likely stem from the concentrated state of
the sample during storage. Unlike the Shield-aliquots, which were stored as a dilute liquid
slurry, the charcoal swabs maintained the stool matrix in a concentrated form on the swab
tip for the duration of storage. While PBS was used to elute the sample prior to extraction,

the immediate processing of this concentrated suspension likely facilitated better recovery
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of the limited DNA available, compared to the prolonged storage in a larger volume of
stabilization buffer which may have hindered efficient recovery. The inconsistency observed
elsewhere in these results may reflect swab/charcoal matrix and handling effects, for
example, DNA sticking to the material and being released unevenly during extraction, or
gradual degradation during prolonged storage. Additionally, the variable initial composition
of the samples may have contributed to differential microbial overgrowth rates, further
driving the observed inconsistency. Because temperature logs were not available and storage
was not replicated under tightly controlled conditions, the mechanism cannot be confirmed;
however, the variability supports treating charcoal swab storage as a fallback option, rather

than equivalent to same-day extraction.

At the sequencing step (Day 0 and charcoal-swab stored samples), read-length distributions
tended to favour PS (higher N50), whereas ZB showed higher throughput (reads and total
bases) in the Week-6 storage condition; mean read quality was broadly similar. These
contrasts did not reach significance in paired exact tests (n = 5), but the pattern suggests a
task-dependent trade-off: where downstream aims rely on longer reads (e.g., assembly
contiguity or resolving ARG/MGE context), PS’s read-length tendency may be
advantageous; where throughput is the limiting factor for detection, ZB’s higher read counts
under the Week-6 storage condition may be helpful, although this could reflect combined

extraction and library-prep variability rather than a pure kit effect.

Across PS and ZB libraries, communities were dominated by facultative Enterobacteriaceae
typical of early life (Shao et al., 2019; Stewart et al., 2018), with substantial between-infant
heterogeneity. In models accounting for repeated sampling, few FDR-significant kit or day
effects were detected for abundance; prevalence signals were more common but sparse and

feature-specific. Concordantly, a- and B-diversity showed no consistent separation by bead-
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beating kit at the sequencing depth obtained, suggesting no systematic, cohort-wide kit
driven shift in overall composition within this pilot. This is consistent with the expectation
that rapid biological change and inter-individual variation in early life can outweigh

moderate protocol effects (Stewart et al., 2018).

Given the absence of a consistent compositional shift between bead-beating kits in the
sequenced subset, the practical decision point becomes operational feasibility at the study
site. PS and ZB produced broadly comparable yields with imprecise estimates in this small
pilot, but PS offered practical advantages for routine deployment: shorter hands-on time per
batch, fewer steps (reducing handling error risk), and a tendency toward longer reads that
support genome-resolved analyses. ZB also performed well but required more handling
steps and longer processing time, which can create bottlenecks in constrained workflows

and increase vulnerability to interruptions (e.g., power instability).

This pilot’s principal strength is its site-realistic design, evaluating extraction performance
under the same infrastructural constraints expected for the main cohort and also assessing
outcomes directly relevant to long-read metagenomics (yield and long-read performance
proxies). Limitations are primarily those of pilot scope: small sample size (n=5), sequencing
restricted to selected conditions, and a single-site context. Finally, species-level ONT
taxonomic assignment can be sensitive to database choice and the distribution of closely
related taxa within Enterobacteriaceae in samples; genus-level summaries may therefore be
more robust unless supported by assembly-based evidence (Portik et al., 2022; Van Uffelen

et al., 2024).

In summary, under resource-constrained, on-site conditions, mechanical lysis was required
to recover usable DNA from neonatal stool, and same-day extraction was the most reliable

strategy for obtaining high-molecular-weight DNA eligible for Nanopore library
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preparation. Between bead-beating kits, compositional differences were modest and task-
dependent (PS tending toward longer reads; ZB occasionally higher throughput), and
secondary to operational logistics and site-specific feasibility. On balance, PS was selected
as the default extraction protocol for the main study, while ZB was retained as a validated

alternative should procurement or scheduling constraints arise.
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Chapter 4: Cohort profile of early-life gut microbiome and

resistome longitudinal study: northern Nigerian birth cohort
4.1 Introduction

This chapter focuses on the profile of the Northern Nigerian Birth Cohort, describing
maternal, infant, and household characteristics that contextualise microbiome and resistome
findings. Subsequent chapters analyse taxonomic and resistome trajectories; their
interpretation depends on who was enrolled, which exposures were common, and how
follow-up and sampling performed in practice. This chapter provides that bridge from design
(Chapter 2) to inference (Chapters 5-6), anchoring later models in the observed exposure

distribution.

As outlined in Chapter 1, maternal health status (Milton, Modibbo, et al., 2022), delivery
mode (Dominguez-Bello et al., 2010; Reyman et al., 2019), neonatal antibiotic exposure
(Arboleya et al., 2015; Patangia, Grimaud, O’Shea, et al., 2024a; Saeed & Hall, 2023), infant
feeding practices (Laursen et al., 2021; Lyons et al., 2020), and household living conditions
(Laursen et al., 2015; Tun et al., 2017) are all established drivers of early-life microbial
assembly. However, these determinants are not interchangeable across settings; the health-
system structure, and WASH conditions in Northern Nigeria differ markedly from the high-
income cohorts that dominate the global literature (Oyedemi et al., 2022). Even within
Nigeria, significant regional heterogeneity exists. While urban cohorts in the Southwest have
provided early insights into infant gut maturation (Oyedemi et al., 2022), comparative
studies between urbanised Nigerians and traditional rural populations, such as the Bassa (F.
A. Ayeni et al., 2018), suggest that high levels of environmental microbial exposure can alter

successional trajectories. In such high-exposure settings, environmental acquisition may act
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as a “leveller” that overrides individual clinical modulators. Consequently, a specific
investigation of the Kano context is required to understand how these drivers operate within

the unique ecological and AMR landscape of Northern Nigeria.

The cohort was recruited in Kano State, Northern Nigeria, where environmental constraints
intersect with health-system and sociocultural factors relevant to early-life microbial
exposures (Angell et al., 2022; Edefo, 2025; J Olumade et al., 2020). The Nigerian health
system is organised across three tiers: primary health care (PHC) delivered mainly by Local
Government/State PHC Boards; secondary care in state general hospitals; and tertiary care
in federal teaching/specialist hospitals, following a hierarchical referral pathway from
primary to specialised facilities (Christian et al., 2023). Alongside the public sector is a large
mixed private market that includes hospitals, clinics, community pharmacies, and patent
medicine vendors, important access points for antibiotics and first-contact care (Ajibola et

al., 2018).

Public facilities charge user fees for many services (exemptions/subsidies exist but vary
strikingly by state, programme, and stock), while health insurance coverage remains limited
despite expansion under the National Health Insurance Authority (Christian et al., 2023).
The Basic Health Care Provision Fund channels earmarked federal funds to PHC, but
implementation is uneven and often constrained by supply chains and staffing. Out-of-
pocket spending accounted for approximately 76% of current health expenditure in 2022.
Many households rely on out-of-pocket payment, creating sensitivity to transport costs,

availability of medicines/consumables, and informal charges (Christian et al., 2023).

WASH access is heterogeneous; exposure to informal refuse sites, open drains, or
intermittent water supply can increase contact with environmental microbes. Nationally,

access to WASH has improved in Nigeria, but gaps persist especially for children under the
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age of 18 years (United Nations Children’s Fund (UNICEF) & World Health Organization
(WHO), 2023; Victor et al., 2025). A recent government and WHO/UNICEF assessments
indicate substantial shortfalls in basic and especially safely managed services (Federal
Ministry of Water Resources (FMWR), 2022; United Nations Children’s Fund (UNICEF) &
World Health Organization (WHO), 2023). At state level, Kano’s drive toward better
sanitation, such as the campaign against open defecation and dump refuse has intensified
yet sustaining hygiene behaviours and expanding reliable urban water and sanitation remain
priorities given continued service gaps documented in WASHNORM and urban studies of

Kano (Federal Ministry of Water Resources (FMWR), 2022; Lawal Bello et al., 2024).

Family structure often includes extended-family compounds and, in some households,
polygyny arrangements, expanding caregiving networks and increasing person-to-person
contact through shared sleeping spaces, and shared WASH facilities. Peripartum practices,
including the use and timing of prophylactic antibiotics, and decisions around delivery

facility, are shaped by cultural expectations (Sharma et al., 2019).

Longitudinal infant microbiome studies from Nigeria are rare. This cohort contributes dense
early-life sampling (birth to 90 days), paired hospital and household environmental context,
and community-validated retention in a public referral setting with predominantly out-of-
pocket medicine purchase. These features allow us to examine exposures that are common

in low-resource urban environments but largely absent from high-income cohorts.

In the sections that follow, I describe the study site and healthcare context, outline the
implementation of the cohort, and present baseline maternal, infant, and household
characteristics. I also highlight the completeness of sample collection and key exposures
during the first 90 days of life. While detailed methods are provided in Chapter 2 (Materials

and Methods), this chapter emphasises the cohort profile and the realities of study
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implementation, including challenges and lessons learned during fieldwork. The objectives
of this chapter are to: (i) characterises the study population; (ii) profile key exposures that
could plausibly modulate the microbiome/resistome; and (iii) document sample collection

including data missingness patterns.

4.1.1 Study aims

This section described the implementation of the Northern Nigerian Birth Cohort, including
recruitment, retention, data and sample collection, and participant withdrawals. The focus
was primarily on outcomes of field implementation, completeness of follow-up, and

contextual realities of conducting longitudinal research in Kano.

Key objectives were:

e To describe baseline maternal, infant, and household characteristics.
e To monitor sample yields and retention across dense early-life timepoints.
e To document exposures pertinent to microbial colonisation and resistome

development.

4.2 Study site context

4.2.1 Kano city

This study was conducted within Kano metropolis in north-western Nigeria (Figure 4.1).
Kano is the second largest city, with a population of approximately 4.4 million residents
living within administrative area of ~449 km? (National Population Commission & National
Bureau of Statistics, 2023). “Kano metropolis” is used to denote the contiguous urban area

spanning eight Local Government Areas (LGAs): Dala, Fagge, Gwale, Kano Municipal,
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Kumbotso, Nassarawa, Tarauni, and Ungogo, each subdivided into numerous

neighbourhoods.

The population is predominantly Hausa-Fulani and Muslim, and family and community
norms influence healthcare trajectories in ways relevant to peripartum and infant care. For
example, decisions about facility delivery or emergency obstetric procedures may involve
husbands or senior male relatives, and many women prefer female providers for intimate
care when available; patterns reported across northern Nigeria and pertinent to this referral

hospital setting (Abubakar et al., 2020; Audu et al., 2014; Sharma et al., 2019).

Family structure also shapes exposure environments. In this context, polygynous households
and extended-family compounds are common (National Population Commission (NPC) &
ICF, 2019; Nigerian National Bureau of Statistics & World Bank Living Standards
Measurement Study, 2024) and shape day-to-day microbial exposures. Larger, multi-nuclear
households mean more close contacts (adult wives, co-wives’ children, grandparents,
cousins), shared sleeping spaces, and shared WASH facilities (National Population
Commission (NPC) & ICF, 2019; Nigerian National Bureau of Statistics & World Bank
Living Standards Measurement Study, 2024), which can increase opportunities for
respiratory and enteric pathogen transmission while also broadening the infant’s microbial
contact network (Shannon et al., 2018). Caregiving is often distributed across multiple adults
and older siblings, increasing hand-offs and feeding by several carers; this may diversify
microbial sources (hands, utensils, complementary foods) and the chances of antibiotic
sharing or informal advice-driven use(Lane et al., 2019; Wiley et al., 2024). Compound
layouts may place food preparation, animal pens (poultry/small ruminants), water storage,
and latrines in close proximity, with variable hand-hygiene infrastructure, influencing both

environmental contamination and the resistome via contact with soil, surfaces, and faecal
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matter (Mills et al., 2023; Pickering et al., 2019). At the same time, extended kin networks
provide social support that can facilitate rapid care-seeking, postpartum help, and adherence

to treatment, partially offsetting risk by improving supervision and access to services.

Economically, Kano is a long-standing commercial hub, known for trade in the livestock,
groundnuts, textiles, and manufacturing areas. Household conditions are heterogeneous:
surveys from low-income settlements in Lagos and Kano and recent demographic and health
surveys for the North-West zone indicate high poverty prevalence alongside constrained
access to improved water and sanitation (Chiripanhura & Nifio-Zarazaa, 2016). In this
environment, less than half of households in the North-West have adequate water and
sanitation, sustaining elevated enteric risks (National Population Commission (NPC) & ICF,
2019). Kano’s Open-Defecation-Free (ODF) campaign has expanded coverage in multiple
LGAs, but safely managed services and reliable water remain uneven, particularly in dense

urban wards (see Section 4.1 for national/state WASH context and references).

Infant feeding practices reflect these constraints. Extended breastfeeding is common,
whereas exclusive breastfeeding (EBF) (breast milk only, no water or other liquids/foods
(WHO & UNICEEF, 2024)) under six months remains below ~30% in recent regional surveys
(National Population Commission (NPC) & ICF, 2019; WHO & UNICEF, 2024).
Complementary feeding often begins early, with reliance on locally prepared pap (fermented
maize porridge). In households facing intermittent water or electricity, pap may be prepared
with stored water, mixed by hand, and held at ambient temperature; limited refrigeration and
sub-optimal storage containers can increase microbial loads. These pathways are directly

relevant when interpreting early-life gut colonisation and resistome exposure.
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4.2.2 Enrolment hub: Murtala Muhammed Specialist Hospital, Kano

Given these socioeconomic and cultural conditions, the enrolment facility is central to
understanding maternal and infant exposures. Recruitment was conducted at MMSH, a high-
volume state referral tertiary-level hospital in Kano that provides subsidised maternity
services under Kano state policies, serving a broad catchment that includes many low-

income families (Milton et al., 2021; Milton, Modibbo, et al., 2022).

MMSH is a government-owned tertiary healthcare facility managed by the Kano State
Hospitals Management Board. It was selected as the enrolment hub due to its established
collaboration with the BARNARDS I study (2016), a prior neonatal infection surveillance
and microbiology capacity-strengthening programme conducted at MMSH, which provided
continuity for research delivery and leveraged existing clinical and laboratory partnerships
(Akpulu, Yakubu, et al., 2025). This study was implemented as a nested cohort within the
second phase of the BARNARDS programme at MMSH, leveraging its established
recruitment pathways, sample-handling workflows, and clinical metadata systems. The
hospital maternity complex includes two main wards: the labour ward (for vaginal
deliveries) and the postnatal ward (for mothers following caesarean section), each with a
capacity of 24 beds (Figure 4.2). With a high occupancy rate managing about 650 deliveries
per month, the facility operates under significant pressure where demand for neonatal care

frequently exceeds capacity.

Although the special care baby unit (SCBU) has benefited from periodic equipment
upgrades, including the 2016 incubator and resuscitator donations, recurrent challenges such
as staffing constraints, infrastructure wear, and intermittent supply stock-outs persist. These
systemic pressures directly influence clinical practice; for instance, empiric antibiotic

regimens are widely used for suspected neonatal sepsis (Ogunkunle et al., 2024), with local
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prescribing choices at MMSH shaped by both emerging susceptibility data and patient

affordability (Thomson et al., 2021).

Within Kano’s wider healthcare landscape, MMSH’s role is distinct from that of the
federally funded Aminu Kano Teaching Hospital (AKTH). While AKTH primarily manages
complex tertiary referrals and medical training (Aminu Kano Teaching Hospital (corporate
author), 2025), MMSH serves as a critical state-owned hub with a subsidised fee structure.
This makes it a primary point of care for a broad, metropolitan, and largely low-income
catchment. Consequently, the MMSH cohort represents a high-density clinical environment
characterised by high patient turnover and frequent antimicrobial exposure, factors that are

central to the early-life resistome dynamics investigated in this study.
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Figure 4.1: Geographic location of the study setting and catchment area in Kano, Nigeria

(A) Map of Nigeria highlighting Kano State (red). (B) Map of Kano State showing the location of Kano City within the state (boxed area; inset). (C) Kano
metropolitan area showing the study catchment across selected local government areas; numbered markers indicate study recruitment/collection locations.
The blue location marker is the enrolment site, MMSH. Participants were recruited from across Kano metropolitan LGAs and peri-urban areas; for example,

Gezawa (the farthest LGA) lies approximately 31 km (straight-line) from MMSH.
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Figure 4.2: Clinical environment at Murtala Muhammed Specialist Hospital (MMSH), Kano.

(A) Postnatal ward showing shared inpatient bays and bed capacity. (B) Maternity/postnatal cubicles illustrating the open, high-throughput ward layout used for routine
care during recruitment. (C) Example bedside/cubicle space typical of the inpatient setting in which sampling and clinical data collection were performed.
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4.3. Study implementation

This section describes the implementation of the cohort, including recruitment, retention,
data and sample collection, and participant withdrawals. While methodological procedures
are detailed in Chapter 2 (Materials and Methods), the focus here is on operational outcomes,
completeness of follow-up, and practical considerations from the longitudinal fieldwork in

Kano.

4.3.1 Operational objectives

I pre-specified the following objectives for the first 90 days post-delivery:

Enrolment: consecutively enrol eligible term mother-infant dyads at MMSH within

24h of delivery from February to September 2024.

o Retention: achieve >85% completion of the Day 90 visit among enrolled dyads, with

reasons for attrition recorded.

e Sample yield: collect >2 infant stool samples within 90 days at prespecified

timepoints (Chapter 2); record laboratory receipt and library generation.

o Exposure capture: measure delivery mode, maternal/infant antibiotic exposure,
feeding pattern, and household/WASH proxies with high item completeness (=90%

baseline; >80% Day 90).

4.3.2 Recruitment

Recruitment took place at MMSH maternity wards between 1 February and 30 September

2024. Eligible full-term mother-infant dyads were identified within 24 hours of delivery.
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Inclusion and exclusion criteria, as well as consent procedures, are described in Chapter 2

(Sections 2.3.1 and 2.3.2).

Mothers were approached at their bedside, provided with information sheets in non-
technical language, and given time to decide on participation. To enhance awareness, Ethics
Committee-approved recruitment posters were displayed in the maternity wards (Figure
4.3). The poster summarised eligibility, study commitments, and the benefits of participation

in simple, non-technical language to support informed decision-making.

During the enrolment window there were 3,287 deliveries at MMSH. We enrolled 90
mother-infant dyads (2.7% of deliveries). Of these, 87/90 (96.7%) provided at least one

infant stool sample at baseline (Figure 4.5).
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Figure 4.3 Participant recruitment poster used in MMSH maternity wards for the Study.

The leaflet summarises the study aim (infant gut microbiome and antimicrobial resistance),
eligibility criteria, the types of data and biological/environmental samples collected (infant stool;
maternal breast milk and rectal swab; environmental samples), the follow-up schedule (home
visits from birth to 18 months), and participant support provided (baby hamper, phone credit,
and blood culture when clinically indicated), with I[OI/OXxTREC ethics reference details and
study contact information shown (we have signed consent for use of photograph for research

purposes).
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4.3.3 Data collection

Data collection used a combination of structured electronic questionnaires and
complementary non-electronic tools to strengthen completeness and contextual detail.
Among mothers who provided at least one biological sample, questionnaire completion was
97% at baseline and 88% at Day 90: patterns of missing data broadly mirrored stool-sample
availability (Table 4.1). In parallel, the team maintained notebooks to document contextual
observations (e.g., uvulectomy, female genital cutting, traditional remedies). These notes
were recorded opportunistically rather than systematically and are used to aid interpretation

only; they were not analysed inferentially.

4.3.4 Biological sample types

4.3.4.1 Infant stool samples

Stool was the primary specimen, targeted at eight scheduled timepoints (D0, D1, D3, D5,
D7,D14, D28, D90). Of the 90 dyads, 87 contributed at least one stool sample, with retention
at Day 90 of 79 dyads (88%). Completeness across timepoints ranged from 32% at Day 0 to
81% at Day 14 (Table4.1). The lower completeness at Day 0 reflects the practical and
biological constraints of immediate post-delivery sampling, particularly that meconium was
not always passed within the Day-0 collection. For the 26 infants who received antibiotics,
additional stool samples were collected in predefined post-exposure windows to characterise

short-term dynamics (Figure 4.4).
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Table 4.1 Stool sample collection across scheduled timepoints (N =90)

Percent Completion

Timepoint  Expected Samples (N) Collected Samples (N) (%)
Day 0 90 29 32
Day 1 90 51 57
Day 3 90 58 64
Day 5 90 67 74
Day 7 90 72 80
Day 14 90 73 81
Day 28 90 67 74
Day 90 90 63 70
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Figure 4.4 Infant stool sampling timeline by delivery mode and antibiotic exposure status

Each row represents one infant, and points are plotted at the day of life when a stool sample was collected. Panels stratify
infants by mode of delivery (C/S vs SVD). Asterisks denote samples collected at the scheduled study timepoints (DO, D1,
D3, D5, D7, D14, D28, D90). Filled circles indicate samples collected in relation to infant systemic antibiotic exposure,
coloured to distinguish samples collected during antibiotic use (“Yes”) versus after prior exposure (“Previously”). This
visualises both routine longitudinal sampling and additional post-exposure sampling windows.
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4.3.4.2 Maternal rectal swabs

Rectal swabs were collected within 24 hours of delivery, 86/90 (95.6%) completion at Day 0;

71/90 (78.9%) at D3; and 75/90 (83.3%) by D28 (Table 4.2).

4.3.4.3 Breastmilk samples

Breast milk was collected at DO, D3, D28, and D90 from breastfeeding mothers.
Completeness was 49/90 (54.4%) at DO, 66/90 (73.3%) at D3, 74/90 (82.2%) at D28, and
65/90 (72.2%) at D90 (Table 4.2). Occasional refusals or insufficient volume reduced yields

at later timepoints.

Table 4.2 Breast milk and maternal rectal swab sample yields across scheduled timepoints

(N=90)
Maternal rectal
Time Breast Milk swab
point  Expected collected % Completion collected % Completion
Day 0 90 49 54 86 96
Day 3 90 66 73 71 79
Day 28 90 74 82 75 83

Day 90 90 65 72 NA NA
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4.3.4.5 Environmental samples

Environmental exposure sampling included targeted swabs and water samples in hospital
(<48 h) and household settings (>D7). Table 4.3 reports count only; denominators vary by
context and consent. Highest counts were obtained for caregiver phone swabs, household

drinking water, and doorknobs.

Overall, sample completeness was high, with stool, breast milk, and maternal rectal swabs
all achieving >70% collection by Day 28, and environmental samples providing rich

contextual data from both hospital and household settings.

Table 4.3 Environmental sample yields across scheduled timepoints

Sample type Day0 Dayl Day3 Day5S Day7 Day14 Day 28
Baby bed rails sample 1 11 1 1 22 1 25
Caregiver mobile phone sample 26 45 4 1 25 2 63
Delivery bed sample 46 2 0 0 0 0 0
Drinking water source sample 1 35 5 1 35 5 74
Hospital bed sample 28 13 2 1 0 0 0

Around sink and tap used for baby wash

sample 0 8 4 1 9 1 14
Doorknobs of room home sample 0 33 6 1 35 4 74
Runoff from dumpsite sample 0 28 5 3 26 5 73

Note: Frequencies varied depending on household context, consent, and availability. Day 0 and
Day 1 samples were predominantly hospital-based, while later collections occurred during
household visits.
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4.4 Cohort profile and implementation outcomes

4.4.1 Attrition and cohort retention

Of the 90 enrolled dyads, 3/90 (3.3%) withdrew before providing any samples, leaving 87/90
(96.7%) with baseline data (Figure 4.5). Subsequent losses were one before Day 3, one
before Day 7, and five before Day 14; none occurred thereafter. Retention to Day 90 was
79/90 (87.8%). Withdrawals were primarily logistical (permanent relocation, declining
further participation, scheduling difficulties). Samples/data collected before withdrawal
were retained unless removal was requested (none). Relocations within metropolitan Kano
did not end participation, though interim relocations caused missing timepoints. The spatial

distribution of enrolled households across Kano metropolis is shown in Figure 4.1.

4.4.2 Household characteristics

Median monthly income was NGN 60,000 (IQR NGN 40,000-100,000). 47.8% of
households reported < NGN 50,000, and 83.4% < NGN 100,000 (Table 4.6). Household size
ranged 3-29 persons (mean 6, SD 4) many with multiple children <14 years (mean 4),

consistent with extended family structures and dense contact networks.

Environmental conditions were frequently adverse:79/87 (90%) households were within <
20m of a dumpsite or persistent stagnant water, and most of the households discharged
greywater openly. Figure 4.4 illustrates typical scenes (open drains, stagnant wastewater,
refuse). Electricity was unreliable (78.4% occasional supply; 19.8% generator backup).

Cooking fuels included three-stone/open fires (36.2%), charcoal (18.1%), and coal (7.8%).
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Table 4.4: Distribution of Household Monthly Income (N = 90)

Income Category (NGN)  Approx. USD/month* N (%)
<20,000 <14 9 (10%)
20,001-50,000 14-26 34 (38%)
50,001-100,000 26-34 32 (36%)
100,001-200,000 34-138 12 (13%)
> 200,000 >138 3 (3%)

*Approximate conversions shown for interpretability, calculated using exchange rates on 1

July 2023 (USD 1 = NGN 1,451.09).

4.4.3. Maternal characteristics

Baseline characteristics are summarised in Table 4.5 (baseline N=87 unless noted). Maternal
age ranged 17-42 years (mean 28.1, SD 5.9). Parity distribution is shown in Table 4.6; 47%
reported 1-2 prior pregnancies, and 7% reported >9. Parity increased with age: mothers
reporting 5-8 pregnancies had a mean age of 31.7 years, while those with >9 pregnancies

(7%) had a mean age of 37.2 years.

Formal education was reported by 70% (higher 20%, secondary 41%, primary 10%); 13%
reported no formal education. Health insurance coverage was low (no insurance 79/87,
91%), consistent with out-of-pocket financing (Section 4.1). Female genital mutilation

(FGM) responses were yes 16%, no 15%, and missing 70%. Given the emotive and sensitive
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nature of the topic and the high non-response, these data are subject to self-report and social-
desirability bias and do not support prevalence estimation in this cohort. The figures are
therefore not treated as prevalence estimates but reported only descriptively with no

inferential analyses.

Table 4.5: Baseline Characteristics of Mothers and Infants (N =87)

Variable Summary(N=87)
Maternal Age(years) 28.13[6.05]
Previous Pregnancies 3.24[2.55]
Monthly Household Income* 60000[40000-100000]
Gestation Age(weeks) 38.48[2]
Birth Weight(grams) 2998.85[352.23]
APGAR Score*** 8.8[1.17]
Sex: Female** 43(49.4%)
Sex: Male** 44(50.6%)
Delivery: Caesarean Section™®* 22(25.3%)
Delivery: Vaginal** 65(74.7%)
Insurance: No Insurance** 79(90.8%)
Insurance: Government Insurance™* 6(6.9%)
Insurance: Private Insurance** 2(2.3%)

Summary statistics are expressed as mean [SD], median (IQR)*, and number [%] **. *** Three
babies with missing APGAR score
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Table 4.6 Maternal parity distribution and age characteristics in the study cohort (n =90)

Previous Parity® group N Mean age SD age Min age Max age
0 5 20.2 3 18 24
1-2 42 24.9 4.2 17 35
3-4 16 30.3 5.1 23 37
5-8 21 31.7 4.6 20 37
9+ 6 37.2 3.2 32 40

“ Parity refers to the number of previous births reaching viable gestational age, excluding
the current neonate



116

Numners of deliveries at the haspital
within the enrciment pariad

I | N= 3,287 I
[ 1
EnrOIment Enrollec Nz Enrolied
Eliole Mother Baby cyads with Not =ligble. Not interested. Missed
=aciogemographic data and infants’ on earalmant gay. Complicatonin
Lirth cata in dutabase pregnancyletill birth
I 1 N=90 | | N=3,167 I
{ 1
Eligible infonts with gender and oirth Dropped out bafore prosiding any beby
Basaline mode dats, Wyuing st least 1 stood sample stoolsample
[ 1 N= 87 I 1 N=3 :
Follow-uptill. day ? J I Lost bafore day 7 I
N=85 | 1 N=1 |
Follow-up

|
| Follow-uatill gay 14 | Lost betore day 14
| ]
Follove-us Uil dery 28 l I Lust bafore gay 23 I
‘_—1 N=79 | | N=1 |

Foliow uptillday 80 Last batare day 50

I Future- Plans |

Follow-uptill two yaars

Figure 4.5 Participant enrolment, attrition and follow-up flow diagram for the study cohort

Flow chart summarising the number of deliveries at MMSH during the enrolment period (N = 3,287), numbers enrolled (N = 90) versus not enrolled (N
= 3,167; not eligible, not interested, missed on non-enrolment days, or complicated pregnancy/stillbirth), and retention across infant follow-up. Of the
enrolled dyads, 87 infants contributed baseline metadata and at least one stool sample, while 3 dyads withdrew before providing any infant stool

specimen. Follow-up retention was 86 infants at Day 3 (1 lost), 85 at Day 7 (1 additional lost), and 80 at Day 14 (5 additional lost), with 79 retained
through Day 28 and Day 90.
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Figure 4.6 Typical environment and neighbourhood sanitation conditions in the study community

Representative photographs from participant communities illustrating environmental exposures relevant to infant enteric microbial

(A) household frontage with visible solid waste accumulation and stagnant wastewater near the entrance; (B) nearby open waste dumping/accumulated
refuse within the residential environment; (C) open drainage channel with stagnant/flowing wastewater adjacent to households. Images are included to
contextualise the hygiene and sanitation setting in which enrolled infants lived and were followed up.
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4.4 .4 Birth characteristics

The average gestational age at birth was 38.48 weeks (SD 2.0), with a mean birth weight of
2,998.85 g (SD 352.23). As preterm births were excluded by design, all deliveries occurred

at or beyond 37 weeks.

The APGAR score (Appearance, Pulse, Grimace, Activity, Respiration) assesses newborn
condition at 1 and 5 minutes on a 0-10 scale; scores >7 at 5 minutes are generally reassuring,
4-6 indicate moderate abnormal, and 0-3 as low or non-specific sign of illness (Committee
Opinion No. 644, 2015). The majority of neonates (n=63, 73%) had APGAR scores
between 9 and 10 at five minutes. A smaller subset (n=4, 19%) scored between 7 and 8,
while one neonate had a score of 4, following a 7-day interval between Premature Rupture
of Membranes (PROM) and delivery. Among the 21 PROM cases, the time from membrane
rupture to delivery ranged from 5 minutes to 7 days. Most delivered within 24 hours (n=17,
81%), while 4 cases (19%) were classified as prolonged PROM (>24 hours). All PROM-

related births were vaginal.

Newborn sex distribution was approximately equal, with 43/87 (49%) female and male
44/87 (51%) male. Vaginal delivery was the most common mode, accounting for 65/87
(75%) of births. Of these, 63 were spontaneous, one was induced, and one was assisted with
forceps. C-section was performed in 22/87 (25%) cases, of which 15/22 (68%) were

emergency procedures and 7/22 (32%) were planned operations.
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4.4.5 Antibiotic use

4.4.5.1 Maternal antibiotic use

Antibiotic use among mothers was documented both during labour and postpartum, with
postpartum prescribing being more widespread. Intrapartum antibiotics were administered
to 7/90 mothers (8%), all via intravenous injection. The most common antibiotics were
metronidazole only, or in combination with ceftriaxone and/or gentamicin. In seven of these
cases, delivery occurred via caesarean section. Indications were not routinely documented,

but the pattern and timing of administration suggest standard perioperative prophylaxis.

Postpartum antibiotics were prescribed to 83/90 mothers (92%) at hospital discharge.
Among these, 79 received dual antibiotic therapy, and five were given three or more
antibiotics concurrently (Figure 4.7A). Of the dual therapies, 74 mothers (94%) were
prescribed a combination of amoxicillin-clavulanate and metronidazole, reflecting a
commonly used empirical regimen for postpartum care. A smaller number received
combinations such as metronidazole with amoxicillin (due to cost) or metronidazole with
ceftriaxone (inpatients). Most of the antibiotics were prescribed for out-of-pocket purchase.
6/87 mothers (7%) who did not take postpartum antibiotics reported they were unable to

afford the medications.

Traditional medicine use was also common within the cohort. A total of 37/87 mothers
(43%) reported occasional use of Agbo, a local multi-herbal preparation traditionally
consumed to support postpartum recovery, among other health purposes. Additionally, 7/87
mothers (8%) reported consuming bitter kola, another traditional plant-based remedy. These

traditional treatments were typically taken alongside conventional antibiotic regimens.
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4.4.5.2 Infant antibiotic use

By three months, 26/87 (30%) infants received at least one antibiotic course during follow-
up. Most exposed infants (20/26; 77%) received a single course. Amoxicillin-based
formulations (including amoxicillin, amoxicillin trihydrate, and amoxicillin—clavulanate)
were the most frequently reported agents. Dual therapy was reported for 7/26 (27%),
typically involving amoxicillin combined with flucloxacillin or other B-lactams (e.g.,
ampicillin or cloxacillin). Triple therapy occurred in 2/26 (8%), including combinations such
as amikacin + amoxicillin + cefuroxime. Less commonly reported agents included

ceftazidime, cefixime, ofloxacin, and metronidazole (Figure 4.7B).

Antibiotic exposure, the indication for use, and source of access (prescribed vs over-the-
counter) were determined by caregiver report supported by inspection of available antibiotic
packets. Overall, most antibiotic use was reported as prescribed (21/26; 81%), while a
minority was obtained over the counter without a prescription (5/26; 19%). Caregiver-
reported reasons for antibiotic use were most commonly fever-related illness (13/26; 50%),
followed by neonatal complications recorded as birth asphyxia + hypocalcaemia (3/26; 12%)
and rash/skin symptoms (3/26; 12%), with smaller numbers reported for respiratory
symptoms (“cough/catarrh”), gastrointestinal symptoms, and suspected infection (including
“EOS” as recorded). Notably, the primary reason for the non-prescribed cases was not
different from the prescribed. These reasons reflect caregiver descriptions and available

documentation and may not correspond to clinically confirmed diagnoses.
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Figure 4.7. Antibiotic use profiles and regimen complexity in mothers and infants.

(A) Postpartum antibiotic use among mothers (n = 84). Lollipop plots show the proportion of antibiotic-
exposed mothers receiving each antibiotic; point labels indicate the number of mothers exposed (n/N).
The lower panel summarises regimen complexity as the distribution of the number of distinct antibiotics
recorded per mother. (B) Antibiotic use among antibiotic-exposed infants (n = 26; exposure defined as
any antibiotic recorded up to day 90). Lollipop plots show the proportion of antibiotic-exposed infants
receiving each antibiotic (labels show n/N), and the lower panel summarises the distribution of the
number of distinct antibiotics recorded per infant.

4.4.6 Infant Feeding

Infant feeding practices were dominated throughout follow-up by high breastfeeding with

water supplementation (High BF; breastmilk as the primary feed plus water) (Figure 4.8).
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Among infants with feeding data at Day 90 (n = 63), High BF remained the predominant
category, with exclusive breastfeeding (EBF) consistently forming a smaller but stable
minority. At the earlier scheduled visits, EBF accounted for a modest proportion of infants,
while formula-only and mixed breastmilk—formula feeding (BF_F) were uncommon and
largely confined to the early postnatal period. By Day 28 and Day 90, solid-food exposure
(BF_SF) and water-only feeding were rare. Overall, Figure 4.8 indicates that the cohort’s
“breastfeeding” experience is best characterised as breastfeeding with early and persistent

water supplementation.
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Figure 4.8: Infant feeding categories across scheduled study timepoints (D0-D90)

Stacked bars show the proportion of infants in each feeding category at each visit: exclusive breastfeeding (EBF),
breastfeeding with water supplementation (High BF; BF+water), breastfeeding plus formula (BF_F), breastfeeding

plus solids (BF_SF), formula only, and water only. Numbers above bars indicate the number of infants with
recorded feeding data at each timepoint.
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4.4.7 Traditional and cultural practices

Several traditional and cultural health-related practices were reported among infants in the
cohort. Uvulectomy, the removal of the uvula, was observed in 26% (n = 23) of infants, with
a higher prevalence among males (15/47, 32%) compared to females (8/43, 19%). FGM was
reported in 33% (n = 14) of female infants, representing 16% of the total cohort. The use of
Qur’anic water was reported for 38% (n = 34) of infants, with a similar prevalence in males
(19/47, 40%) and females (15/43, 35%). These practices may influence infant health and
early microbial exposures through oral or mucosal routes, and their potential impact on

microbiome composition warrants consideration in subsequent analyses.

4.4.8 Biological samples

Details of biological sample collection, including yields for infant stool, maternal rectal
swabs, breast milk, and environmental samples, are presented in Section 4.3.4 (Tables 4.1-
4.3). By Day 28, >70% completeness was achieved for stool, breast milk, and maternal rectal
swabs, with longitudinal stool sampling capturing both scheduled and antibiotic-associated
timepoints. These environmental samples provided valuable context for hospital and
household exposures, with caregiver phone swabs, drinking water, and doorknobs yielding
the highest returns. All stool/breastmilk samples were pre-processed in the MMSH container
laboratory; DNA extractions were stored at —20 °C (median ~3 weeks) and shipped to
Oxford for shotgun metagenomics (Chapter 2). Figure 4.9 illustrates the laboratory setup

and workflow.
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Figure 4.9: On-site container laboratory infrastructure at MMSH, Kano.

Photographs showing the field laboratory used for sample processing and interim storage during the study: (A) exterior view of the container-based
laboratory located within the hospital; (B) interior workspace illustrating bench layout and core equipment used for routine molecular workflows. This
facility enabled near-real-time processing under site constraints (space, power stability, and cold-chain capacity).
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4.5 Discussion

Evidence from clinical studies and animal models indicates that early-life disruptions of the
gut microbiota are associated with later-life health outcomes (Cox et al., 2014; Olin et al.,
2018; Tanaka & Nakayama, 2017). This chapter profiles the Northern Nigerian mother-
infant cohort of this study, with follow-up to 90 days postpartum. The data describe maternal
and infant demographics, household and environmental exposures, perinatal events,
antibiotic use, feeding practices, traditional health-related practice and completeness of
biological sample collection. The longitudinal design enables investigation of temporal
changes and early-life exposures that are critical in shaping microbial colonisation and
resistance patterns. The decision for a longitudinal study design was necessary to capture
the dynamics of the developing gut microbiome over time as it evolves in early life, and to
allow sample collection post antibiotic exposure. While the design offered the strength of
temporal investigation of the study cohort, it also introduced study attrition, need for
consistent follow-up, and the influence of confounders that may be missed over the course
of the study. The rigorous data collection protocol including repeated home visits and
biological sample collections was implemented to ensure high-quality longitudinal data. The
multiple study follow-ups, and frequent sample and data collection did on occasion however

raise concerns among community members (see section 4.60 above).

To our knowledge, this is the first longitudinal study in Nigeria to systematically investigate
factors influencing the composition and temporal dynamics of the infant gut microbiota and
resistome over the first 90 days of life. A distinctive feature of this cohort environment is the
high potential for environmental exposure: approximately 90% of households resided within
20 m of a refuse dump or stagnant water. Such proximity plausibly increases contact with

faecal and environmental microbes through contaminated water and soil and through
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mechanical vectors (e.g., flies), creating multiple potential pathways relevant to AMR

persistence and ARG carriage.

A recent multi-city hospital study in Nigeria (including Kano) collected 1,396 flies and
found diverse bacteria with clinically relevant AMR genes on flies across all sites,
suggesting the vector role of flies in healthcare environments (Cook et al., 2025). Parallel
wastewater and pharmaceutical-effluent studies both locally and globally also report ARGs
and resistant bacteria in receiving waters, showing that community ARG signatures track
sanitation and socio-environmental context (Hendriksen et al., 2019; Munk et al., 2022;
Obayiuwana & Ibekwe, 2020). Additional, metagenomic studies show that human and
environmental resistomes are interconnected, with exchange across habitats (Pehrsson et al.,
2016). Consistent with these pathways, several studies report higher ESBL-
Enterobacteriaceae carriage in children living in communities with animal-waste or

wastewater exposure (Amato et al., 2023).

Households in this cohort were large (range 3-29 members) and often multigenerational,
with a high proportion of members under 14 years. Such structures increase close contact
microbial sharing and have been associated with shifts in infant gut microbiota (Christensen
et al., 2022; Laursen et al., 2015). Christensen et al. (2022) showed siblings to be major
early-life determinants of airway and gut microbiota, with pronounced diversity shifts in the
first year(Christensen et al., 2022). They found a significant shifts in alpha (within-sample
diversity) and beta diversity (between-sample compositional differences), with the largest
differences in the first year of life. In crowded homes with limited sanitation and constrained
healthcare access, infectious illnesses can spread rapidly, potentially increasing, and
sometimes inappropriately directing, antibiotic use, including non-prescription access
documented in many LMIC settings (Auta et al., 2019). Reliance on solid fuels for cooking

further contributes to indoor air pollution and respiratory morbidity, which may indirectly



127

influence antibiotic-use patterns(Mukesh Dherani et al., 2008). Unlike many HIC cohorts
with engineered waste management and piped water, this cohort reflects common LMIC

realities in which infants face higher baseline environmental microbial exposures from birth.

Beyond infrastructural exposures, several culturally embedded practices reported in this
cohort may also be microbiologically relevant, notably uvulectomy and ingestion of
“Qur’anic water”. Uvulectomy in this setting is typically performed by traditional
practitioners rather than medical personnel, often outside aseptic conditions and sometimes
with shared or non-sterile instruments(A. Adamu et al., 2021; Adebola et al., 2016; Musa,
2023). Aside from mucosal injury, these circumstances increase the risk of introducing
exogenous oral microbiota and of post-procedure antibiotics, each of which could transiently
alter oral-gut seeding and short-term selection of resistance determinants. The “Qur’anic
water” practice usually involves rinsing Qur’anic verses from a wooden slate by
Mallams(Brigaglia, 2017), locally known as ruwan rubutu, and fed to the baby over several
days (Simane-Netshisaulu et al., 2022) as a source of blessing and protection. Nevertheless,
water quality or source of water is usually uncertain, or containers not hygienically
maintained, this adds additional contact points through which environmental microbes may
enter infant feeds. I interpret these practices as contextual exposures that could shape early
colonisation and resistome trajectories in this setting; I did not assay these liquids or

procedures directly and therefore avoid causal claims.

As summarised in Table 4.5, mothers were relatively healthy at enrolment by design, with
ages spanning the typical reproductive years and heterogeneous parity. Education levels
were moderate overall. In many sub-Saharan African settings, higher maternal education is
associated with more timely care-seeking for childhood illness and better engagement with
antenatal/postnatal services, suggesting that maternal education may act as a proxy for

health-seeking behaviour in these analyses (Tesema & Seifu, 2023). Similarly, health-
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insurance coverage was low in this cohort. In contexts where health insurance is limited and
out-of-pocket payments dominate healthcare financing, as the case in the Nigeria healthcare
system, cost can delay or deter formal care, shaping where, when and which antibiotics are
obtained(Awoyemi et al., 2023; World Bank, 2024). Non-prescription access to antibiotics
is common across many LMICs and is repeatedly linked to inappropriate use, an important

background consideration for resistome work(Auta et al., 2019).

All infants in the cohort were born at term with birthweights in the expected range and
generally reassuring 5-minute Apgar scores. This term-only design limits confounding from
prematurity and NICU-related care, exposures known to enrich the early-life gut resistome
and shift community assembly patterns relative to healthy term infants (Gasparrini et al.,
2019). Restricting to term births yields a more homogeneous baseline physiology (gut
maturation, feeding readiness, growth rate) and largely avoids NICU-related exposures
(ventilation, parenteral nutrition, prolonged empiric broad-spectrum antibiotics). This
increases internal validity and focuses specifically on non-prematurity drivers of early
microbial assembly, delivery mode (and intrapartum antibiotics), postpartum maternal and
infant antibiotics (timing/class), feeding category (WHO exclusive vs predominant), and
household/WASH context, without conflation by prematurity care pathways. It also enables
comparison of standard early-term trajectories against deviations (e.g., post-antibiotic
“shocks”), and improves interpretability of effect sizes (e.g., C-section signal) that would
otherwise be reduced or amplified in a mixed term-preterm cohorts. Finally, a term-only
frame supports clearer interaction analysis (e.g., antibiotics x feeding; antibiotics x WASH
proxies) because baseline risk and exposure timing are less heterogeneous. Delivery mode
remains a key contextual modulator (Bédckhed et al., 2015; Dominguez-Bello et al., 2010;

Reyman et al., 2019; Shao et al., 2019); with 25 C-section births in this cohort, mode of
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delivery is treated as a main effect and tested interactions with intrapartum/infant antibiotics

and feeding to assess effect modification.

A notable minority of mothers experienced PROM, with a smaller subset meeting criteria
for prolonged PROM. Prolonged ROM is a recognised risk factor for early-onset neonatal
infection, and its presence frequently alters intrapartum management (e.g., empirical
maternal antibiotics) and postnatal observation or treatment thresholds, pathways that can
increase early antibiotic exposure for mothers and/or newborns (Al-lawama et al., 2019;
National Institute for Health and Care Excellence (NICE), 2021). Because intrapartum
antibiotic prophylaxis (IAP) and very early neonatal antibiotics have documented
associations with reduced Bacteroidetes/Actinobacteria, increased Proteobacteria, and
higher prevalence of selected B-lactamase genes in full-term infants (Arboleya et al., 2022;
Nogacka et al., 2018), PROM-related care might be relevant to interpreting early

microbiome and resistome trajectories in this cohort.

Documented intrapartum exposure was relatively uncommon in this cohort; postpartum
prescribing was very common, typically dual therapy (combination of amoxicillin-
clavulanate and metronidazole), purchased out-of-pocket. From a microbiome/ARG
perspective, peripartum antibiotics can influence infant trajectories through several
pathways: (1)  intrapartum  prophylaxis alters early colonisation (lower
Bacteroidetes/Actinobacteria and expansion of Proteobacteria in term infants (Arboleya et
al.,, 2022; Nogacka et al., 2018)); and (i) maternal postpartum courses may modulate
maternal gut and milk-mediated exposures (some antibiotics e.g., amoxicillin,
metronidazole are detectable in human milk at low levels (Bethesda (MD): National Institute
of Child Health and Human Development; 2006-. Metronidazole, 2024; Thomas et al.,

2023)).
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Antibiotic stewardship and access are two sides of the same coin. In a predominantly out-
of-pocket system, easy OTC access can facilitate timely treatment but also appropriate
indication, spectrum and duration, including occasional use of restricted antibiotics in
infants (e.g., fluoroquinolones). In this cohort, antibiotic use sits at the intersection of access
(timely, affordable treatment) and stewardship (appropriate indication, spectrum, and
duration). With low insurance coverage and high out-of-pocket purchase, care pathways
bifurcate: some courses were prescribed in the hospital; and others purchased OTC from
pharmacies or patent-medicine vendors. This financing reality shapes what is bought
(cheaper/substandard substitutes when amoxicillin-clavulanate is unaffordable or out of
stock), how much (shortened courses), and how (oral self-start vs brief parenteral doses),
and appropriate antibiotics for infants, all of which can bias selection pressures on the infant
resistome. Beyond biological effects, the finding that some infant courses were obtained
OTC aligns with multi-country estimates that a large share of paediatric antibiotic use in
LMICs occurs without prescription, raising concerns about indication, dosing, and duration
(Auta et al., 2019; Tigoi et al., 2025; Zewdie et al., 2024). Notably, fluoroquinolones are
generally restricted in children and reserved for limited indications (Street & Ababa, 2021;
WHO, 2013), therefore its appearance in this cohort and community use points at

stewardship and access challenges.

Most infants were breastfed at three months, but only a small fraction met the WHO
definition of EBF. Caregivers often give water in hot climates due to perceived infant thirst
and long-standing cultural norms (Edney et al., 2022). However, breastmilk meets infants’
energy and fluid needs even in hot environments (Geneva: World Health Organization,
2018); introducing water both displaces milk intake and adds preparation and water-quality
steps that can seed environmental microbes (Lamberti et al., 2011). Large longitudinal

cohorts show that breastfeeding strongly shapes early gut community assembly, whereas
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shifts away from exclusive breast milk (or cessation of breastfeeding) alter trajectories
toward more adult-like profiles (Backhed et al., 2015; Stewart et al., 2018). Beyond
composition, diet relates to the resistome: in multinational analyses, formula/mixed feeding
has been associated with a higher ARG load compared with predominant breastfeeding, and
infant ARG profiles track maternal sources (K. Parninen et al., 2018; K. M. Péarnédnen et al.,
2022). From a clinical perspective, EBF is also protective against diarrhoeal illness relative

to partial or no breastfeeding (Lamberti et al., 2011).

4.6. Fieldwork experience: challenges, lessons learnt, and things I wish I knew

Every DPhil journey is unique, and I have unconventionally chosen to include my fieldwork

experiences as part of my thesis.

My fieldwork experiences were both humbling and educational. It was more than just
recruiting participants and collecting data, it was a journey of discovering a part of Nigeria
I thought I knew, and the privileges I had taken for granted. Additionally, there were lessons
I wish I had known before my first trip but have realised that these challenges were part of
the learning curve that shaped my DPhil journey. Reflecting on this experience, | would like

to share insights that may be helpful to future students.

Contingency Planning

Planning is a key focus in fieldwork preparation, training, travel logistics, risk assessment,
and management strategies. While these are essential, my fieldwork experience taught me
that flexibility is just as important. No matter how detailed your plan is, the field presents
real-life challenges. Being adaptable, open-minded, and willing to learn can help navigate

these uncertainties and reduce stress along the way.
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My initial plan was to live within the community where I was conducting my research to
fully integrate into the environment. However, my first few weeks in a family house proved
challenging due to unreliable electricity, household rodents, and an unclean water source.
As a result, I had to arrange alternative accommodation during fieldwork. Having a
contingency plan in place would have made the transition smoother and integration into the

community easier.

When I arrived in Kano for fieldwork, healthcare workers at the enrolment site (MMSH)
went on strike due to poor staff welfare, delaying the project for about a week. Shortly after
the strike ended, a local government election led to a 24-hour curfew for several days.
Elections in this region are often volatile, further stalling the project initiation for weeks. On
those days, my team and I were unable to work. My key takeaway is to plan for unexpected

disruptions and mentally prepare for situations beyond your control.

Community expectations

Despite my efforts to clearly communicate the primary academic focus of my research, it
became evident that the community held expectations for direct or indirect tangible benefits.
Many participants anticipated financial assistance or medical treatment, particularly in times
of illness. Despite repeated clarification of the study’s objectives, there remained a

prevailing perception that research initiatives should provide immediate practical benefits.

Additionally, scepticism arose regarding the collection of biological samples and the
frequency of home visits. Some individuals expressed concerns about the potential misuse
of their personal data and the long-term implications of providing biological samples. Others
were apprehensive about the researchers' intentions, fearing that their participation would

not result in meaningful benefits for the community. These concerns contributed to some
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individuals declining participation and, in some cases, enrolled participants withdrawing

from the study.

These challenges underscore the importance of building trust, improving communication,
and ensuring transparency throughout the research process to foster community engagement

and participation.

Logistical challenges

Fieldwork presents several logistical challenges, particularly the need for reliable power and
connectivity. With heavy reliance on electronic devices for data collection and
communication, power banks are essential to keep equipment charged throughout the day.
A stable network and Wi-Fi are also crucial for real-time communication, data access, and

secure uploads.

Additionally, a steady power supply is vital for preserving biological samples at appropriate
temperatures. One of the most distressing moments of my research was losing breastmilk
samples from 30 participants due to a prolonged power outage. Investing in solar-powered
appliances could prevent such losses, ensuring the integrity of collected samples and
protecting months of hard work. Addressing these challenges will greatly enhance research

efficiency and reliability in low-resource settings.

Power imbalances/exacting mindset

It is important to recognise the power dynamics between yourself as the researcher, the
research assistants, and the community members you work with. Keeping this in mind

fosters a more collaborative, rather than extractive, research process.

As you settle into the community, the lines between researcher and participant may blur. You

may feel inclined to share your thoughts on various topics, but doing so indiscriminately can
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introduce bias into your data. It is crucial to remain diplomatic, especially on sensitive

issues.

For example, while breastfeeding is common in the community, practices do not always
align with WHQO’s guidance on exclusive breastfeeding (initiation within the first hour of
birth and no other foods or liquids, including water, for six months). In Kano, giving water
in addition to breastmilk is commonly reported, often based on the belief that babies become
thirsty in the hot weather, and is reinforced by prelacteal traditions (e.g., offering water or
herbal infusions soon after birth). Some families practise “drinking the Qur’an” by feeding
their babies with the “Qur’anic water”, as described earlier, as a source of blessing and
protection. Expressing strong personal opinions on religious or cultural practices such as
this can lead to unnecessary conflict. If you must engage, do so diplomatically and base your

discussion on evidence rather than personal viewpoints.

Psychological strain

Enrolling the babies felt like having 120 children who are my responsibility. Tragically, early
in the project, we lost a mother-baby pair, losing the mother during childbirth and the baby
a week later due to lack of care. Another mother passed away 11 months into the study.
Despite the short time we knew them, these losses were profoundly felt and emotionally
taxing, serving as a stark reminder of life’s fragility and the unexpected sorrow that can
come from even brief encounters. For longitudinal-based research on human participants, I
believe that debriefing sessions and mental health support should be part of the contingency

plan for researchers.



135

Chapter 5: Temporal dynamics of the infant gut microbiome and

resistome during early life
5.1 Introduction

Early infancy represents a critical developmental window during which the gut microbiome
assembles from a near-sterile state at birth to a complex, diverse microbial community by
the end of the first year of life (Bickhed et al., 2015; Dominguez-Bello ef al., 2019). This
period of pronounced microbial dynamism is characterised by rapid shifts in bacterial
community composition and diversity, in contrast to the relatively stable adult gut
microbiome (Stewart et al., 2018; Yatsunenko et al., 2012). Alongside these bacterial
compositional changes, ARGs are acquired, establishing the infant gut resistome that can
persist into later life and serve as a reservoir of ARGs impacting infections in later life
(Ferretti et al., 2025; Patangia et al., 2024). Understanding the temporal dynamics of both
microbiome and resistome development during this formative period is essential for
characterising early-life colonisation patterns and identifying potential windows for

intervention.

Neonatal gut colonisation often precedes invasive infection, driven by barrier immaturity,
immune system development, and high healthcare exposure (Beaumont et al., 2024;
Schwartz et al., 2023). Infants who acquire, for instance, ESBL determinants, shortly after
birth often become persistent reservoirs of multidrug-resistant bacteria. These reservoirs can
subsequently seed bloodstream or urinary tract infections. Conversely, transient detections
or lack of colonisation are associated with lower infection risk. Predicting these outcomes
requires longitudinal profiling that tracks not only the presence of ARGs but also their

acquisition timing, persistence, and bacterial hosts.
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Longitudinal studies in HICs have described broad patterns of early gut microbiome
development and reported ARG carriage in infants (Enav et al., 2022; Ferretti et al., 2025;
Laforest-Lapointe & Arrieta, 2017; Patangia, Grimaud, Wang, et al., 2024). However, fewer
studies provide densely longitudinally sampled metagenomes, reflecting the dynamism of
the early-life microbiome (Ferretti et al., 2025; Patangia, Grimaud, Wang, et al., 2024). This
gap is most acute in sub-Saharan Africa, where available data still rely on culture-based
surveillance or cross-sectional sampling (Bulabula et al., 2017; Edwards et al., 2023;
Neemann et al., 2020). While Maghini et al. (2025) recently provided a landmark
metagenomic profile of African adults, revealing region-specific signatures, comparable

high-resolution data from African infants remain critically lacking.

This gap is particularly consequential for West African settings such as Northern Nigeria,
where contextual factors differ markedly from those shaping early-life microbiome
development in HICs. At MMSH, Kano, postpartum antibiotic prescribing is common,
neonates with suspected sepsis are frequently treated empirically without confirmed
diagnosis, and ward and household environments may serve as ARG reservoirs due to poor
WASH infrastructure and high-density living (Edwards et al., 2023; Nieto-Rosado et al.,
2024; Sands, Carvalho, et al., 2022; Sands et al., 2021; Thomson et al., 2021). Culture-based
studies from similar hospitals have documented high rates of colonisation with ESBL-
producing Enterobacteriaceae, acquired AmpC producers, and, in some settings,
carbapenemase-producing organisms among mothers and infants (Carvalho et al., 2022;
Edwards et al., 2023; Neemann et al., 2020; Sands, Carvalho, et al., 2022; Sands et al., 2021).
Understanding how the gut microbiome and resistome evolve from birth through the first
three months in this context is therefore directly relevant to characterising neonatal

colonisation risk and informing AMR control strategies.
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This chapter addresses these gaps by characterising the joint temporal development of the
gut microbiome and resistome in a Nigerian birth cohort, using longitudinal long-read
metagenomes collected from birth through Day 90. The microbiome and resistome are
treated as linked trajectories: age-related shifts in bacterial community structure provide the
taxonomic context in which ARG burden, diversity, and class composition evolve. The study
design provides dense coverage of the first postnatal weeks, when colonisation is potentially
most dynamic. Repeated within-infant sampling, enables cohort-level descriptions of age-
associated change alongside individual trajectories of ARG acquisition, persistence, and
loss. Four temporal dimensions are prioritised: (i) the bacterial composition of this cohort
over the first three months of life, (ii) first detection of clinically relevant ARGs during the
first postnatal week, (ii1) persistence of ARGs versus loss across successive sampling points
after initial detection, and (iv) the proportion of infants who remain never-colonised within
this period. These dimensions shape interpretation of early-life resistance burden and inform
plausible windows for preventive or decolonisation interventions (Bargheet et al., 2023;

Lebeaux et al., 2021).

By deriving taxonomic profiles, ARG features, and contig-linked host assignments from the
same metagenomes, this study relates shifts in microbiome composition to changes in
resistome load and AR class balance(Magiorakos et al., 2012). These descriptive analyses
establish baseline trajectories against which Chapter 6 evaluates how modulators, such as
delivery mode, antibiotic exposure, and feeding practices, drive variation in
microbiome/resistome co-development. The outcomes defined here, acquisition timing,
persistence, multi-class carriage, and dominant hosts, serve as the dependent variables for

subsequent analyses, identifying the drivers of heterogeneity in this high-exposure setting.
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5.2 Aims and Objectives

The overarching aim of this chapter is to describe how the gut microbiome and gut resistome

develop from birth to Day 90 in this Nigerian birth cohort, and to define temporal and

compositional outcomes that support subsequent exposure-outcome analyses in Chapter 6.

Specifically, the chapter addresses the following objectives:

1)

2)

3)

4)

Microbiome trajectory: To characterise the assembly of the gut microbiome from
birth through Day 90, quantifying age-associated shifts in alpha-diversity alongside
community structure and identifying the "early core" genera that colonise infants in

this cohort.

Resistome trajectory: To describe the overall development of the gut resistome over
the same period, including changes in total ARG burden, ARG richness and
resistome diversity, alongside shifts in the distribution of major resistance classes

and mechanisms, with emphasis on clinically interpretable categories.

Acquisition and persistence dynamics: To quantify the temporal dynamics of high-
priority ARGs, estimating time to first detection (acquisition timing) and subsequent
patterns of persistence versus clearance across successive sampling points during the

first three months of life.

Multi-class carriage and bacterial hosts: To characterise the structure and genomic
context of resistance by quantifying therapy-relevant multi-class ARG colonisation
(e.g., concurrent B-lactam and aminoglycoside resistance) and identifying the
dominant bacterial hosts of selected high-priority markers (e.g., blacrx-m-15 in

Enterobacteriaceae) using contig-level taxonomic assignments.
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5.3 Chapter-specific methods

Laboratory procedures, sequencing, quality control and the core bioinformatic workflow for
taxonomic and ARG profiling are described in Chapter 2. This chapter draws on longitudinal
infant stool metagenomes collected between birth (Day 0) and Day 90; the analytic
denominator varies by endpoint because a small number of low-yield libraries could not
complete assembly- and contig-dependent steps required for some outputs, and
denominators are therefore reported for each analysis. Microbiome summaries in this
chapter are based on genus-level bacterial profiles and expressed as relative abundances
(proportions of the total bacterial community). Resistome outcomes are reported on a
relative scale (presence/absence, feature-count summaries, or normalised abundance
measures (detailed below). Key QC outcomes supporting data readiness are summarised at

the start of the Results (Section 5.4.0), with full QC outputs provided in the Appendix A.3.

5.3.1 ARG feature representation

ARGs were annotated against CARD and represented at the level of the CARD "Best Hit"
Antibiotic Resistance Ontology (ARO) features. For interpretability, ARO-level calls were
mapped to drug class and resistance mechanism using the curated mapping described in
Chapter 2, with refinements applied where clinically relevant in this chapter (e.g., separating
ESBL- and AmpC-related B-lactamases from other B-lactam-associated mechanisms).
Analyses in this chapter used three complementary representations derived from the ARO

table:

(i) Binary carriage (presence/absence) for clinically focused markers and time-to-event

analyses;
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(i1) Presence-weighted feature counts to characterise the breadth of ARG classes and
mechanisms detected per sample. In this approach, each distinct ARO feature detected in a
sample contributed a maximum of one count to its assigned drug class and mechanism,
irrespective of read depth or gene copy number. This method emphasises repertoire diversity,
the number of distinct resistance genes present, rather than the abundance or coverage of
individual features, reducing sensitivity to sequencing depth variation and highlighting the

range of resistance functions detected;

(ii1) Normalised abundance summaries (used where specified in Results) derived from read-
to-feature counts and expressed on a within-sample normalised scale (Chapter 2), reflecting

the relative coverage of ARG features when quantitative comparisons are warranted.

5.3.2 Presence-weighted class and mechanism summaries

To describe resistome composition by age while emphasising repertoire breadth rather than
coverage, presence-weighted class and mechanism stacks were generated. Within each
sample, each distinct ARO contributed a maximum of one count to its assigned drug class
and mechanism, irrespective of read depth. This approach reduces sensitivity to sequencing

depth differences and highlights the diversity of resistance functions detected per sample.

For main class-level panels, drug classes were restricted to those contributing the majority
of ARO detections across the dataset under the presence-weighted definition, with remaining
classes grouped into an “Other” category. Mechanism-level summaries were constructed
similarly, highlighting clinically interpretable categories (e.g., ESBLs and AmpC f-
lactamases). The full all-classes resistome panel, without class restrictions, is provided in
the supplementary material (Appendix A.3, figure S5.9). The main text instead features a

therapy-relevant panel, generated by excluding multidrug efflux-dominated and non-
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specific categories and re-normalising the remaining classes. Here, “therapy-relevant” refers

to systemic antibiotic classes used in clinical care (e.g., P-lactams, aminoglycosides,

fluoroquinolones, tetracyclines, glycopeptides, sulfonamide/trimethoprim, and macrolides),

with biocide/antiseptic categories reported separately where relevant.

5.3.3 Clinically focused ARG definitions

Clinically focused measures were defined using curated ARO lists and regular-expression

matching of ARO names where appropriate. Definitions were prespecified to support

prevalence and trajectory summaries.

ESBLs: CTX-M family AROs and ESBL-type SHV variants; narrow-spectrum

TEM-1 and OXA-1 were excluded from ESBL definitions.

Carbapenemases: NDM, KPC, VIM, IMP, and OXA-48-like enzymes; OXA-181

and OXA-244 were grouped with OXA-48-like enzymes.

Aminoglycoside resistance determinants: subdivided into aminoglycoside-
modifying enzymes (AMEs) and other aminoglycoside-associated mechanisms. A
clinically focused AME subset was additionally defined for gentamicin-relevant
AAC and APH families observed in the cohort (e.g., aac(3)-II, aac(6')-Ib, and

selected APH families).

To avoid inflating rifamycin resistance, rpoB-only annotations without confirmed resistance

variants were excluded from class summaries; acquired ARR enzymes were retained.

Similarly, AmpC B-lactamases were categorised into acquired (CMY/DHA; FOX handled

in sensitivity analyses) and chromosomal-like (ACT/MIR) families. While it is

acknowledged that the distinction is not absolute across all genomic contexts, these groups
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were reported separately and combined where appropriate to facilitate clinical

interpretation.

5.3.4 Time-to-event and persistence

To describe the timing of first detection of key ARGs, per-infant time-to-event variables
were constructed for first detection between birth and Day 90. For each ARG group, infants
contributed time from their first sampled day until the first visit at which at least one relevant
ARO was detected. Infants without detection during follow-up were censored at their last
sampled day. These analyses interpret non-detection as absence, or being below the limit of
detection at the available sequencing depth. Denominators and sampling frequency are

reported alongside estimates.

Kaplan-Meier curves (Kaplan & Meier, 1958) were used to summarise time to first
detection; medians with 95% confidence intervals were reported where the median was
reached during follow-up. In addition, age-specific prevalence (n/N) with exact binomial
confidence intervals was tabulated for selected ages (D7, D14, D28, D90), using the first

sample at or beyond the target day as the assessment point.

Persistence was summarised descriptively using within-infant run lengths, defined as the
number of consecutive sampled visits with detection for a given ARG group, and by the

proportion of infants with single-visit versus multi-visit detections.

5.3.5 Co-presence and enrichment between resistance classes

To evaluate whether resistance classes co-occurred more often than expected under
independence, class-by-class contingency tables were constructed within age strata. For a

given pair of classes A and B, observed co-presence was compared with the expected co-
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presence under independence, Pr(A)Pr(B), summarised as log2 enrichment:

Pr(AnB)
log, [{Pr(A) Pr(B)}

] . Enrichment or depletion was assessed using Fisher’s exact tests for each
class pair, with p-values adjusted for multiple testing using Benjamini-Hochberg false
discovery rate control (nominal FDR 0.05) (Benjamini & Hochberg, 1995). Heatmaps

display observed co-presence and enrichment values and indicate class pairs meeting the

FDR threshold.

5.3.6 Contig-linked taxonomic context for selected ARGs

To investigate likely bacterial context for selected priority ARGs, contig-level taxonomic
assignments derived from the metagenomic assemblies were linked to ARG-bearing contigs
using an ARO—contig linkage table (Chapter 2). For each scheduled day, hosts were
summarised as the genera and species whose contigs carried at least one instance of a target
ARO (e.g., blactx-m-15 and selected AMEs). Bubble plots summarised, by day of life, the
distribution of contig-linked taxa among positive samples. These summaries are interpreted

as contig-linked taxonomic context rather than definitive cellular host attribution.

5.4 Results

5.4.0 Data readiness and QC outcomes (summary)

Sequencing and QC outcomes confirmed that the infant stool metagenomes were of
sufficient quality for longitudinal analysis. Initial cleaning with fastp removed only 1-2%
of reads from infant samples, while negative controls lost substantially more (~12%),
indicating the successful removal of short-fragment background noise. Host-DNA burden

was generally low (median 2.5%), with only a small minority of libraries (~1%) being
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heavily host-dominated, a pattern consistent with the low-biomass nature of infant sampling.
Read-length distributions were consistent across samples (N50 ~5 kb; Appendix A.3,

Supplementary Figure 5.2), supporting uniform downstream processing.

Despite host removal, substantial microbial depth was preserved; three-quarters of the
samples retained >200,000 non-host reads, with a minimum of 5,508 reads in the lowest-
yield library. To mitigate potential batch effects, background contamination was managed
by pooling all available blanks into a composite profile. A dual-method approach using
microDecon and decontam identified contaminants that were predominantly environmental
taxa. This decontamination process created only minor shifts in Shannon diversity (~0.1—
0.2 units) and did not alter fundamental sample relationships. These outcomes justify the use
of the corrected dataset for the microbiome and resistome trajectories that follow (detailed

metrics are provided in Appendix A.3, Supplementary data 1).

Of the 90 infants enrolled, 87 provided at least one stool sample for metagenomic analysis,
and 85 had sufficient sequencing depth for resistome analysis. Sample sizes varied by

timepoint (range: n=10 at Day 0 to n=69 at Day 14) due to missingness.

5.4.1 Early-life gut microbiome trajectory

5.4.1.1 Diversity and community structure

Genus-level o-diversity was significantly associated with age (Wald x> P = 0.033) but
characterised by high inter-infant heterogeneity (Figure 5.1). Diversity was lowest at birth
(Day 0), frequently reflecting communities dominated by a single genus (Shannon index
median 1.0; IQR 0.47-1.54). Following a peak in median diversity observed at Days 3 (1.46;
IQR 0.98-1.90), median scores fluctuated between 1.23 and 1.48 through Day 90, showing

no consistent monotonic trend.
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Beta-diversity (Bray-Curtis PCoA) showed that age explained only a minor portion of the
community variance (R* = 0.122, p = 0.001). Although a transition along the first principal
axis was visible from birth to 3 months (Figure 5.2), the high degree of scatter at every
timepoint confirms that infant gut communities remain highly individualised. Dispersion
was slightly reduced by Days 28 and 90, yet the lack of clear clustering indicates that these
communities have not converged toward a uniform state by the end of the study period

(Figure S5.6).
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Figure 5.1: Gut microbiome a-diversity by day of life.

Shannon diversity index for genus-level bacterial communities in infant stool samples collected at scheduled
postnatal days (D0, D1, D3, D5, D7, D14, D28, D90). Boxplots show the median (centre line) and
interquartile range (box); whiskers extend to 1.5%IQR.
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Figure 5.2: Age-associated structuring of infant gut microbiome composition.

(A) PCoA of Bray-Curtis dissimilarities calculated from genus-level relative-abundance profiles for all infant
stool samples collected at scheduled days of life (D0-D90). Points represent individual samples and are shaded
by sampling day. (B) The same ordination coloured by the dominant genus in each sample (genus with the
highest relative abundance). Samples without a single dominant genus are labelled “Diverse (IS > 4)”, where IS
denotes the inverse Simpson index (1/D) exceeding 4.

5.4.1.2 Composition and dominant taxa

Genus-level composition plots highlighted the specific bacteria driving these patterns
(Figure 5.3). During the first week of life, communities were commonly dominated by
genera within the Enterobacteriaceae family, with Escherichia and Klebsiella frequently

accounting for the majority of reads; other genera, including Enterobacter, Citrobacter, and
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Salmonella, appeared intermittently. Gram-positive genera such as Staphylococcus,
Streptococcus, and Enterococcus were also common early colonisers but typically
contributed a smaller share of the overall community. By Day 14 and especially by Days 28
and 90, composition diversified: a larger fraction of samples showed substantial
contributions from genera more typical of later infancy, including Bifidobacterium and
Bacteroides taxa (Chapter 1, Section 1.2), and fewer samples remained overwhelmingly

dominated by a single Enterobacteriaceae-associated genus.

PCoA analyses confirmed an enrichment of Escherichia- or Klebsiella-dominated
communities among earlier samples (Figure 5.2B). In contrast, Bifidobacterium-dominated
and more compositionally diverse communities were more common at later timepoints.
Crucially, pronounced inter-infant variability persisted at all ages; some infants retained
Enterobacteriaceae-rich profiles at Day 90, while others transitioned -earlier to
Bifidobacterium or mixed communities. Illustrative within-infant trajectories for infants

with complete sampling across visits are shown in (Figure S5.7).
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Figure 5.3: Genus-level gut microbiome composition by day of life.

Stacked barplots showing the relative abundance of the 20 most abundant bacterial genera in each infant

stool sample, grouped by scheduled day of life (D0-D90). During the first week (D0-7), samples are

frequently dominated by one or two Enterobacteriaceae genera, particularly Escherichia and Klebsiella,
with smaller contributions from genera such as Staphylococcus, Streptococcus and Enterococcus. By later

timepoints (D28-90), more samples show substantial contributions from the genus Bifidobacterium,

although at all ages there is marked between-infant variability in which genus dominates. Figure plotted by

Aditiya Lankapalli
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5.4.2 Infant gut resistome trajectory: burden, diversity and antibiotic-class composition

5.4.2.1 Total ARG burden, richness, and diversity

ARG burden remained largely stable across the first 90 days, characterized more by
substantial inter-infant heterogeneity than by temporal shifts (Figure 5.4A). While a mixed-
effects model (Section 2.9.2) identified a statistically significant decline in burden after the
first postnatal week (~0.2 logio units; p = 0.0029), temporal patterns were more pronounced
in resistome diversity. ARG richness peaked during the first week before declining modestly
at later timepoints (p = 0.01; Figure 5.4B). Shannon diversity exhibited the strongest
temporal structure (p = 1077), increasing initially and then decreasing by D90, a trend
indicating consolidation toward fewer dominant ARG features as the resistome matures

(Figure 5.4C).
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Figure 5.4 Infant gut resistome burden and diversity across scheduled days of life (D0-D90).

(A) ARG load (logl0), expressed as the log10-transformed abundance of ARG-assigned signal per sample.
(B) ARG richness (log10), defined as the log10 number of distinct ARG features (CARD ARO “Best Hit”
calls) detected per sample. (C) ARG Shannon diversity, reflecting the evenness and complexity of the ARG
profile within each sample. Grey points represent individual infant samples at each scheduled timepoint.
Black points with error bars show model-estimated means and 95% confidence intervals from linear mixed-
effects models with day of life modelled as a categorical predictor and an infant-level random intercept to
account for repeated measures.
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5.4.2.2 Resistome compositional structure

Ordination of resistome profiles showed substantial overlap between timepoints, with only
a weak age-associated signal (Figure 5.5). In a PCoA of Aitchison distances, samples from
different ages intermingled throughout ordination space rather than forming discrete day-
specific clusters. PERMANOVA indicated that day of life explained a small but statistically
detectable proportion of compositional variance (R? = 0.047; p = 0.001). Dispersion
diagnostics suggested modest differences in spread across days (Figure S5.8), indicating that
the age signal reflects small shifts in centroid location alongside minor changes in within-

day variability.

5.4.2.3 Therapy-relevant drug-class composition

When ARGs were summarised at the drug-class level, B-lactam resistance classes were
consistently dominant from birth through Day 90 (Figure 5.6). In the presence-weighted
class summary restricted to therapy-relevant systemic antibiotic classes (with multidrug
efflux and non-specific/unspecified categories excluded and the remainder renormalised),
B-lactam ARGs contributed the largest share at every timepoint. Fluoroquinolone and
aminoglycoside ARGs represented the other primary components in the first week of life.
Over time, the relative contribution of tetracycline and glycopeptide-associated ARGs
increased, with tetracycline-associated ARGs becoming a major component by Day 28.
Biocide/antiseptic-associated ARGs contributed smaller, relatively stable proportions

throughout the study period.

A companion plot including all classes (including multidrug efflux and unspecified
categories) is provided in the Supplement (Figure S5.9) to show the full resistome

background.
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Figure 5.5 Principal coordinates analysis of gut resistome composition by day of life.

PCoA of Aitchison distances between infant stool resistome profiles, with each point representing one
sample and coloured by scheduled day of life (DO, 1, 3, 5, 7, 14, 28, 90). Samples from different ages
occupy overlapping but partially separated regions of ordination space, indicating modest age-related
structuring of resistome composition. In PERMANOVA, day of life explained a small but statistically
significant proportion of variance (R ~0.05, p = 0.001), with some evidence of differences in dispersion
between days (p = 0.003).
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Figure 5.6 Antibiotic-resistance drug-class composition by day of life.

Stacked barplots showing the mean proportional share of major ARG drug classes at each scheduled day.
Bars are presence-weighted (each detected ARG feature contributes once per sample before

aggregation). Multidrug efflux and non-specific/unspecified categories are excluded for interpretability,
and remaining classes are re-normalised to sum to 100%.

5.4.3 Early acquisition of key ARGs and the “never-colonised” group

B-lactam- and aminoglycoside-associated ARGs were detected in the majority of infants
from the earliest sampling points and remained common throughout follow-up (Figure 5.7).
B-lactam ARG prevalence was already high at Day 0 (90%; 9/10) and increased further
across the first postnatal week, remaining consistently high at Days 14, 28 and 90 (85-90%).
Aminoglycoside ARGs followed a similar pattern, with lower prevalence at Day 0 but a

rapid rise during Days 1-7, reaching 94% prevalence by Day 7. Prevalence estimates at later
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visits fluctuated modestly, largely reflecting changing denominators (i.e., fewer available

samples at some visits), rather than a sustained decline in carriage.

Prevalence by day: fi-lactams and aminoglycosides

- [-actams =~ Aminoglycosides

Prevalence {proportion)

Day of life

Figure 5.7 Prevalence of p-lactam and aminoglycoside resistance genes acquisition.

Point prevalence of any B-lactam ARGs (blue) and any aminoglycoside ARGs (orange) in infant
stool samples at birth (D0) and on Days 1, 3, 5, 7, 14, 28 and 90. Points show n/N positive
samples at each timepoint (B-lactam: DO n/N=9/10, D1(41/43), D3(55/59), D5(62/63),
D7(65/68), D14(59/69), D28(54/63), D90(56/61) ; aminoglycoside: DO n/N=8/10, D1(36/43),
D3(50/59), D5(59/63), D7(65/68), D14(58/69), D28(44/63), D90(51/61)).

Time-to-first-detection curves showed that acquisition occurred early for both major classes
(Figure 5.8A-C). For B-lactam-associated ARGs, cumulative detection rose steeply during
the first postnatal week and then approached a plateau by approximately Days 7-14,
indicating that most acquisitions occurred very early. Aminoglycoside-associated ARGs
exhibited a similarly rapid early rise, with most first detections occurring during the first
week. Co-detection of both classes within the same sample accumulated quickly as well,
reaching very high levels by Day 7 and nearing saturation by Day 14. These trajectories

suggest that exposure to B-lactam- and aminoglycoside-resistant organisms is common in
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the immediate perinatal and early neonatal period, rather than being a feature that emerges

only later in hospitalisation.

The “never-colonised” summary emphasised how universal these two classes were by the
first quarter of life. None of the infants in the cohort were free of B-lactam and
aminoglycoside ARGs at all sampled timepoints. However, many infants never acquired
higher-risk ARGs over the study period: around one-third had no ESBL genes (30/85; 35%),
a similar number remained blacrx-m-15-negative (31/85; 36%), approximately 60% (51/85)
never carried acquired AmpC genes, and almost all infants (79/85; 93%) remained negative
for carbapenemase genes throughout follow-up. These proportions are summarised in Table
5.1. Thus, while B-lactam and aminoglycoside ARGs were effectively ubiquitous from early
life onwards, clinically important extended-spectrum and carbapenemase genes showed a

much more restricted, infant-specific pattern of acquisition.
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Figure 5.8 Time to first detection of p-lactam and aminoglycoside resistance genes.

(A) Kaplan-Meier (KM) estimate of time to first detection of any -lactam ARG in infant stool, treating
infants without a positive sample as censored at their last follow-up. (B) KM estimate of time to first
detection of any aminoglycoside ARG on the same follow-up visits. (C) KM estimate of time to first co-
detection of B-lactam and aminoglycoside ARGs in the same sample. In all panels, shaded bands indicate
95% confidence intervals.
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Table 5.1 Number of infants negative for selected major ARGs at any sampled

timepoint
ARG groups Number never positive
Aminoglycoside 0
B-lactamase 0
Acquired AmpC 51
Chromosomal AmpC 24
Carbapenemase 79
ESBL 30
blactx-m-15 31

Note: Category counts are not mutually exclusive; umbrella categories (e.g., ESBL) include
the constituent sub-types (e.g., blacrx-m-1s)

5.4.4 Dual B-lactam/aminoglycoside and co-carriage

To translate class-level carriage into clinically interpretable combinations, B-lactam and
aminoglycoside ARGs were considered jointly. ARG from these two classes confer
resistance to commonly used empirical regimens for suspected neonatal infection (e.g., a B-
lactam plus an aminoglycoside), so their co-detection provides a pragmatic summary of how

often infants carried resistance potential spanning both components.

Across scheduled timepoints, the dominant state was co-carriage of both classes in the same
sample (Figure 5.9). Co-carriage was already common at birth and increased further across
the first postnatal week. By Days 5-7, the “both classes present” state accounted for most
samples (85-88%), while samples carrying only one class were uncommon and the “neither
class detected” rare. This pattern is consistent with the time-to-first detection analysis, which
showed that most infants reached first co-detection during the first week of life and that new

co-detections after Day 14 were infrequent.
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More clinically specific p-lactamase combinations were then evaluated by pairing
aminoglycoside ARG carriage with AmpC and ESBL markers (Table 5.2). Co-carriage of
AmpC and aminoglycoside determinants was already frequent by Day 7 (64%) and remained
common through Day 90 (77%). Co-carriage of ESBL and aminoglycoside determinants
was also common, affecting a substantial fraction of infants from the first postnatal week
onward (50-64%). These summaries indicate that dual-class resistance potential (B-lactam
plus aminoglycoside) is established very early in life in this cohort, and that combinations
involving broader-spectrum p-lactamase markers (AmpC and ESBL) are already present in

many infants by clinically relevant early-life milestones.
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Figure 5.9 Co-carriage states for f-lactam and aminoglycoside resistance classes over time.

Stacked barplots show, for each scheduled day of life, the proportion of infant stool samples falling into
four states based on the presence of B-lactam and aminoglycoside resistance genes: neither class detected
(“None”), B-lactam only, aminoglycoside only, or both classes present in the same sample (“Both”). The
denominator at each timepoint is the number of infants with a sequenced stool sample at that visit (D0=10,
D1=42, D3=59, D5=63, D7=68, D14=69, D28=63, D90=61)
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Table 5.2 Prevalence of combined pB-lactam and aminoglycoside resistance

ARG

combinations Day of life N  Positive Prevalence Lower Upper
AmpC and AG 7 84 54 0.64 0.53 0.74
AmpC and AG 14 80 59 0.74 0.63 0.83
AmpC and AG 28 73 54 0.74 0.62 0.84
AmpC and AG 90 61 47 0.77 0.65 0.87
ESBL and AG 7 84 42 0.50 0.39 0.61
ESBL and AG 14 80 45 0.56 0.45 0.67
ESBL and AG 28 73 41 0.56 0.44 0.68
ESBL and AG 90 61 39 0.64 0.51 0.76

Beta-lactam and
AG 7 84 83 0.99 0.94 0.99
Beta-lactam and
AG 14 80 79 0.99 0.93 0.99
Beta-lactam and
AG 28 73 73 1 0.95 1
Beta-lactam and

AG 90 61 6l 1 0.94 1

For each ARG combination and scheduled day of life, N is the number of infants with a stool
sample, “Positive” is the number with co-detection of the specified f-lactam resistance group
(narrow-spectrum B-lactamase, AmpC or ESBL, as indicated) and any aminoglycoside resistance
gene in the same sample, “Prevalence” is the corresponding proportion, and “Lower” / “Upper”
give the bounds of the exact 95% binomial confidence interval.

5.4.5 Enrichment of resistance class co-presence

The previous section focused on B-lactam—aminoglycoside co-carriage because it aligns
with commonly used empirical regimens and provides an interpretable “two-class” clinical
summary. This section extends the analysis to the broader set of common, therapy-relevant
resistance classes to determine whether same-sample co-presence reflects non-independence
(i.e., certain classes occurring together more often than expected given their marginal

prevalences).
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5.4.5.1 Observed co-presence across major classes

For each scheduled day of life, pairwise co-presence was summarised for the major therapy-
relevant classes (PB-lactams, aminoglycosides, fluoroquinolones, tetracyclines, and
trimethoprim—sulfamethoxazole). The observed co-presence heatmap (Figure 5.10) shows
that multi-class carriage was common from early life. Co-presence was already moderate at
Day 0 for several pairs and increased across the first postnatal week. Across timepoints, pairs
involving B-lactams and/or aminoglycosides consistently showed the highest co-presence.
For example, by Day 7, B-lactam + aminoglycoside co-presence reached 85-90%, B-lactam
+ fluoroquinolone reached ~80%, and aminoglycoside + fluoroquinolone reached ~75%. In
contrast, pairs involving trimethoprim-sulfamethoxazole (SXT) showed lower co-presence
(typically 40-60%), particularly at the earliest timepoints. Of the 10 pairwise combinations
examined, those involving B-lactams or aminoglycosides (7 of 10 pairs) consistently showed

higher co-presence than those involving only tetracyclines, fluoroquinolones, and SXT.

5.4.5.2 Enrichment beyond independence

High co-presence prevalence does not, however, on its own demonstrate non-independence
between classes. To test whether drug classes were found together more often than expected
by chance, a contingency-table approach was used (Section 5.3.5). For each pair of classes
and day of life, the observed proportion of samples positive for both classes was compared
with the expected proportion under independence, calculated from the marginal prevalences
of each class. The ratio of observed to expected co-presence was summarised as enrichment
(log2[obs/exp]), and p-values from Fisher's exact tests were adjusted for multiple

comparisons across pairs and days using Benjamini-Hochberg FDR control.
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The resulting enrichment heatmap (Figure 5.11) shows that many combinations were
significantly enriched beyond chance, particularly from the second week onwards, although
effect sizes were generally modest (logz enrichment typically 0.1-0.5, corresponding to fold-
changes of 1.1-1.4). Enrichment was most consistent for combinations linking -lactams or
aminoglycosides to other classes, including B-lactam + aminoglycoside, aminoglycoside +
fluoroquinolone, aminoglycoside + SXT, fluoroquinolone + SXT, and tetracycline + SXT,
with multiple timepoints showing positive log. enrichment and adjusted p-values below

0.05.

At early timepoints (D0-D3), enrichment signals were weaker and less stable, reflecting both
lower marginal prevalences for some classes and wider confidence intervals; nevertheless,
several pairs already showed a tendency towards co-clustering rather than independent
occurrence. Full numerical results, including observed and expected co-presence,
enrichment, p-values and adjusted p-values for each drug-class pair by day of life, are

provided in Table S5.1.

These indicate that the infant gut resistome is not simply a random pairing of independently
acquired resistance classes. Resistance to different antibiotic groups tends to appear in
patterns, with certain combinations, particularly those linking B-lactam and aminoglycoside
resistance to other key classes, occurring together more often than would be predicted from

their individual prevalences.
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Figure 5.10: Pairwise co-presence of major resistance classes by day of life.
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Heatmap showing, for each scheduled day of life, the proportion of infant stool samples in which
combination of a given resistance-class pair were detected in the same sample. Rows correspond to all
pairwise combinations of B-lactam (beta), aminoglycoside (ag), fluoroquinolone (fq), tetracycline (tet) and
trimethoprim-sulfamethoxazole (sxt) resistance classes; columns correspond to days of life. Colour
intensity represents the observed co-presence prevalence (0-100%). Sample sizes (number of infants with
a sequenced stool at each visit) are shown beneath the x-axis.
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Enrichment of co-presence (observed vs expected)
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Figure 5.11: Enrichment of resistance-class co-presence beyond independence

Heatmap summarising, for the same resistance-class pairs and days of life as in Figure 5.10, the enrichment
of same-sample co-presence relative to an independence model. Each cell shows the log ratio of observed
to expected co-presence, where expected prevalence is calculated as the product of the marginal prevalences
of the two classes on that day. Positive values indicate that the pair co-occurs more often than expected
under independence, values near zero indicate approximate independence, and negative values indicate less
frequent co-occurrence than expected. Symbols mark pairs with Benjamini-Hochberg-adjusted p-values
below the pre-specified significance threshold for the independence test.

5.4.6 Host context and dynamics of blactx-m-15 and aminoglycoside resistance

This section examines two clinically salient resistance signals in this setting: (i) ESBL
carriage, focusing on blactx-m-15, and (i1) aminoglycoside resistance determinants, focusing
on AMEs and the subset flagged as “gentamicin-resistance-associated”. Because long-read

assemblies link ARG calls to contigs with taxonomic labels, host assignment can be
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summarised to identify the genera and species most frequently associated with these

determinants over time.

5.4.6.1 Host context of ESBL and blactxm-15

Across both early (D0-D7) and later (D14-D90) windows, contig-linked taxonomic
assignment showed that ESBL ARGs were predominantly carried by Escherichia and
Klebsiella (Figure 5.12A). Among ESBL-positive samples with an assigned host,
Escherichia accounted for approximately 70-75% of detections in both periods, while
Klebsiella contributed approximately 38% of early and 27% of late samples. Citrobacter,
undifferentiated Enterobacteriaceae, Pectobacterium and other genera each contributed at
most about 5-10% of ESBL-positive samples. There was no strong shift in the balance
between Escherichia and Klebsiella between the early and late windows, although

Klebsiella appeared slightly more prominent in early samples.

At species-level, blactx-m-15 host assignments indicated a multi-host pattern rather than
restriction to a single lineage (Figure 5.13). The majority of assigned signal mapped to E.
coli across timepoints, but with detections distributed across multiple reference
backgrounds, and with additional contributions from Klebsiella (e.g., K. pneumoniae and
closely related species) at several visits. Overall, blactx-m-15 appears to circulate across a
mixed Enterobacteriaceae host within the cohort, consistent with dissemination via mobile

genetic elements and/or repeated acquisition from shared reservoirs.
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5.4.6.2 Host context of gentamicin-resistance-associated AMEs

Gentamicin-resistance-associated AMEs showed a broader host range than ESBLSs, spanning
both Gram-negative and Gram-positive genera (Figure 5.12B). In the early window, AME-
positive samples commonly mapped to Escherichia and Klebsiella, with additional
contributions from Enterococcus and Staphylococcus, consistent with the known
distribution of aminoglycoside resistance determinants across multiple gut-associated taxa.
In later samples (Day 14-90), Escherichia remained the most frequent host among endpoint-
positive samples, while contributions from other genera varied over time. This pattern
indicates that gentamicin resistance potential in this cohort is not confined to a single

“pathogen” reservoir but is distributed across common early colonisers.

Host mapping by AME family further supported this mixed ecology (Figure 5.14). AAC-
type enzymes were predominantly assigned to Enterobacteriaceae (especially E. coli and
Klebsiella), whereas APH-type enzymes showed more frequent assignments to Gram-
positive genera (notably enterococci and staphylococci) in addition to Enterobacteriaceae.
Both AAC and APH signals were detectable from the earliest sampled days and persisted

across multiple genera through Day 90.
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Figure 5.12: Host context of ESBL. ARGs and gentamicin-resistance-associated AMEs in early
and later samples.

(A) Among samples positive for any ESBL ARG (blacrx-m or ESBL-blarem/blasnv), the proportion of
endpoint-positive samples in which at least one ESBL-carrying read was assigned to each bacterial
genus, comparing the first postnatal week (Early, D0-D7) with later samples (Late, D14-D90).

(B) Equivalent analysis for samples positive for any gentamicin-resistance-associated AME sentinel.
Bars show presence-weighted percentages within each time window (a sample can contribute to
multiple genera if ARG-carrying reads map to more than one host); the category “Enterobacteriaceae”
refers specifically to reads that were resolved to the family level but remained unclassified at the genus
level, while “Other hosts” combines all remaining genera occurring at low frequency.

Note: Percentages across genera within a time window do not sum to 100% because individual ARG-
positive samples often had ARG-carrying reads assigned to multiple genera.
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Figure 5.13: Taxa contributing to blacrx.m-15 over time

Presence-weighted summary of putative bacterial hosts carrying blacrx-m-15 at each scheduled day of life. Within each day, rows list
taxonomic assignment —at the species, genus, or family level depending on the resolution —to which blacrx-m-15s reads were assigned by the
long-read host-resolution pipeline. Point size indicates the mean proportion of blacrx-m-1s reads attributed to that taxon among blacrx-m-1s-
positive samples; point colour indicates genus (Escherichia, Klebsiella, Citrobacter or Enterobacterales/Enterobacteriaceae). Taxa
contributing >5% on at least one day are shown.
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Figure 5.14: Taxa contributing to gentamicin-resistance-associated aminoglycoside-modifying enzymes (AAC and APH) over time.

Presence-weighted summary of recognised bacterial hosts carrying aminoglycoside-modifying enzymes predicted to compromise gentamicin activity (AAC and APH
families) at each scheduled day of life. Within each day, rows list taxonomic assignments—at the species, genus, or family level depending on the resolution achieved
by the long-read host-resolution pipeline—to which the AME reads were assigned. Point size shows the mean proportion of AME reads attributed to that taxon among
positive samples; point colour indicates genus. Taxa contributing >5% on at least one day are shown.
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5.4.6.3. Persistence of p-lactam and aminoglycoside resistance once acquired

To understand how long colonisation with B-lactam and aminoglycoside ARGs persisted
once acquired, time-to-loss analyses were performed for infants who acquired resistance to
each class at least once. For B-lactam ARGs, the median run length of the longest positive
occurrence was 5 consecutive visits (IQR width 3 visits), corresponding to a median of 85
days with B-lactam ARGs detectable (Table 5.4). Aminoglycoside ARGs showed less
persistence over time, with a median of 4 visits (IQR width 3) and median duration of 27
days. When B-lactam and aminoglycoside ARGs are both present in a sample, the longest
co-colonisation occurrence also spanned a median of 4 visits and 25 days. These persistence
estimates assume continuous carriage between positive samples; however, our sampling
intervals (ranging from 1-2 days early to 28-90 days later) mean we cannot distinguish
between true persistence and repeated re-acquisition of the same ARG class. Intermittent
loss and re-acquisition from environmental or maternal sources would appear as persistence

in this analysis. This limitation is discussed further in Section 5.5.

Retention estimates after acquisition were consistent with these patterns. By 28 days after
first detection, an estimated 79% (95% CI roughly 70-88%) of infants remained colonised
with bacteria carrying p-lactam ARGs, compared with about 62% (52-74%) for
aminoglycoside ARGs and 61% (51-73%) for concurrent B-lactam and aminoglycoside
ARGs combination (Table 5.4). By 90 days after first detection, retention falls only to ~57%
(36-91%) and ~41% (29-57%) for PB-lactam- and aminoglycoside-colonised infants
respectively, with similar values for combined colonisation. The survival curves in Figure
5.15 illustrate these dynamics, with B-lactam resistance showing a shallower cumulative loss

trajectory than aminoglycoside resistance.
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Transition analyses between visits revealed that antibiotic ARGs remained stable over short
intervals but were gradually lost across longer timepoints. During the first postnatal month,
ARGs showed high persistence between adjacent visits: >85-95% of infants remained
positive for B-lactam, while >75-90% maintained aminoglycoside resistance or concurrent
B-lactam + aminoglycoside carriage. In contrast, retention rates declined extended intervals,
such as D14-D28 and D28-D90 (Table S5.2). This decline was particularly pronounced for
aminoglycosides, suggesting a gradual clearance or replacement of resistant strains as the

gut microbiome matures.

Table 5.4: Run length and retention of B-lactam and aminoglycoside resistance.

Median Median IQR
(1) Analysis ARG Class visits IQR visits  days days
Run length Summary Aminoglycosides 4 3 27 76
Run length Summary Beta-lactams 5 3 85 76
Run length Summary Both 4 3 25 76
(i1) Analysis ARG Class day % still pos.  lower upper
Retention Rate Aminoglycosides 28 61.88 51.74 74.01
Retention Rate Aminoglycosides 90 40.84 29.14 57.24
Retention Rate Beta-lactams 28 79.11 70.46 88.82
Retention Rate Beta-lactams 90 57.34 35.93 91.49
Retention Rate Both 28 60.92 50.81 73.03
Retention Rate Both 90 39.38 27.68 56.03

For infants ever colonised with f-lactam, aminoglycoside, or both classes of ARGs, the table
summarises (i) median number of consecutive positive visits and median duration (in days) of the
longest positive occurrence, with IQR widths, and (ii) the percentage of infants still positive for
each class at D28 and D90 after first detection, with 95% confidence intervals. A supplementary
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transition table (Table S5.2) provides, for each interval, the proportion of infants remaining
positive vs loss between visits.
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Figure 5.15: Persistence of p-lactam and aminoglycoside resistance once acquired.

Cumulative incidence curves for loss of colonisation with (A) B-lactam ARGs, (B) aminoglycoside
ARGs, and (C) concurrent B-lactam plus aminoglycoside ARGs (“Both”) among infants who ever
acquired ARGs to the relevant class. Time zero is the first positive sample for that class. The y-axis shows
the cumulative proportion of colonised infants who had lost the class by each time point; shaded areas
indicate 95% confidence intervals from non-parametric survival estimates.
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5.4.6.4 Aminoglycoside-modifying enzyme family profiles over time

To characterise whether aminoglycoside resistance composition changed over time,
aminoglycoside-modifying enzymes were grouped into four families, AAC, APH, ANT and
AAD, and their prevalence and acquisition timing were compared across days of life (Figure

5.16A-B).

Across the cohort, APH genes dominated the AME class at all ages. Around half of infants
were APH-positive at birth, rising to roughly 70-75% by D3-D7 and plateaued at >60%
thereafter, with a slight increase again by D90. In contrast, AAC and ANT families were less
common but still widespread, with prevalence trajectories that increased over the first week
and then plateaued. AAC genes were detected in about one-third of infants by D5-D7 and in
just under 30% by D90, while ANT genes reached prevalences of ~15-20% at their peak.
AAD genes were the rarest group: prevalence remained below 10% at all timepoints, with
only a small increase by D90. Thus, by three months of age a large majority of infants
acquired at least one APH ARG, whereas AAC, ANT and particularly AAD ARGs were

present in smaller subsets of the cohort.

Time-to-first-detection curves mirrored these patterns: APH genes were acquired earliest
and by the largest fraction of infants, while AAC and ANT accumulated more gradually and
remained confined to subsets of the cohort; AAD detections were infrequent throughout
follow-up. Collectively, these results indicate that early-life aminoglycoside resistance in
this cohort is dominated by phosphotransferase mechanisms, with additional layers

contributed by acetyl- and nucleotidyl/adenylyltransferases in smaller subsets of infants.
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Figure 5.16: Aminoglycoside-modifying enzyme family dynamics in the first 90 days of life.

(A) Prevalence of each AME family by sampling day, expressed as the proportion of infants
carrying at least one gene from that family at each visit (AAC, APH, ANT, AAD). (B) Kaplan-
Meier curves for time to first detection of each AME family, with shaded bands indicating 95%
confidence intervals.

5.4.7 Rare but high-stakes ARG sentinels

To assess carriage of particularly concerning resistance mechanisms, a panel of “high-risk”
ARG sentinels was defined, comprising broad and narrow vancomycin clusters (van lenient
vs stringent), methicillin resistance gene (mecA), macrolide/lincosamide/streptogramin B

resistance gene (ermT), putative plasmid-mediated colistin resistance (mcr), 16S rRNA
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methylase rmtB and cfr-family genes associated with linezolid and phenicol resistance. The
lenient van definition flags any van-associated marker as a broad screen, whereas the
stringent definition requires co-detection of a ligase/cluster marker plus at least one

accessory component (vanH and/or vanX) within the same sample.

Across all samples, the lenient van group were more frequent (~380 positive samples)
compared to the stringent van group (~80 positives). The other sentinels were rare: ermT
and mecA together accounted for about 50 positive samples, while mcr, rmtB and cfr-family

genes were each detected only in a few samples.

Prevalence by day of life highlighted a striking contrast between the broad van signal and
the other sentinels (Figure 5.17). Even at birth, around one quarter of infants had at least one
read containing a van gene in the lenient cluster, and by D1-D7 prevalence rose to 70-90%
of the samples, remaining high thereafter through D90. In contrast, the stringent van group
remained uncommon throughout: prevalence increased from ~3% at DO to around 10-20%
during the first month and reached only about one third of samples by D90. This contrast
suggests that while van gene fragments are common in the infant gut microbiome, complete
functional operons capable of conferring glycopeptide resistance are present in only a

minority of infants during early life.

Macrolide-associated ermT and mecA followed similar low-frequency patterns. Both were
virtually absent in DO samples, rose gradually to single-digit or 10-14% prevalence by D7-
D14, and then fluctuated around ~5-10% at later visits. Signals for mcr, rmtB and cfr-family

genes were extremely sparse, with at most one or two positive samples at any given day of

life.
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Figure 5.17: Prevalence of high-risk ARG “sentinels” across early life.

Line plots show day-of-life prevalence with 95% binomial Cls; numbers above points are positive sample counts

(denominator = samples available at that visit). Sentinels: van (stringent, operon-based), rmtB, mecA, mcr
(putative), ermT, and cfr-family.

Time-to-first-detection analyses were consistent with these prevalence patterns (Figure
S5.10). Few infants showed the presence of the “Stringent” van by D28 with approximately
half of the infants still negative by D90. For mecA and ermT genes, only a subset of infants
ever acquired the genes during the follow-up and their retention reduced over the study
period. Finally, given the very small numbers of positives, formal survival curves were not
plotted for mcr, rmtB or cfr genes, but inspection of the raw data confirmed that detections

were isolated events in very few infants (see number of positives in Figure S5.10).
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5.5 Discussion

This chapter characterised the temporal co-development of the infant gut microbiome and
resistome over the first 90 days of life (Section 5.2). The results reveal an immediate and
near-universal establishment of therapy-relevant ARGs by the end of the first week. While
taxonomic succession followed a canonical progression from facultative to obligate
anaerobes, this was marked by significant between-infant heterogeneity and the prolonged
persistence of potential pathogen reservoirs. These findings highlight a critical mismatch
between current empiric treatment guidelines and the observed colonisation patterns in this
setting. This mismatch implies a high potential for first-line treatment failure and suboptimal
clinical outcomes, a discrepancy partly driven by the frequent detection of resistance

markers for multiple drug classes.

5.5.1 Early microbiome assembly and resistome establishment

The temporal trajectories in this chapter reveal distinct patterns of microbiome maturation
and resistome establishment. Taxonomic composition followed an expected global
trajectory: initial dominance by facultative anaerobes (Escherichia, Klebsiella) during the
first week, followed by gradual diversification into obligate anaerobes such as
Bifidobacterium by Days 28-90 (Section 5.4.1). While marked between-infant variability
persisted, this succession aligns with diverse geographic settings where facultative
anaerobes create the anaerobic niche necessary for subsequent colonisers (Saturio et al.,

2021).

Although a-diversity increased from birth through the first week (Shannon index peak Days
3-5), it plateaued thereafter rather than increasing linearly through Day 90 (Section 5.4.1.1).

Consistent with other LMIC settings, this indicates that environmental or nutritional
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constraints may limit standard maturation trajectories (Amato et al., 2023; Jokela et al.,
2024). The striking contrast with HICs is in the timing and extent of resistome establishment.
While microbiome diversity evolved gradually, the resistome was established immediately:
therapy-relevant B-lactam and aminoglycoside ARGs were detected from birth, with dual-
class carriage approaching 100% by Day 7 (Sections 5.4.3, 5.4.4). This differs
fundamentally from the Melbourne Infant cohort, where ARG acquisition is more gradual
and dominated by tetracycline and macrolide ARGs (Leo et al., 2023). In this Nigerian
cohort, the early-life resistome is dominated immediately by B-lactam and aminoglycoside
ARG markers underpinning WHO-recommended first-line empiric therapy (ampicillin and
gentamicin) for the treatment of neonatal sepsis (Fuchs et al., 2018; World Health
Organization, 2013). This suggests an 'initial inoculum' that occurs during delivery and
immediate postnatal care. In this setting, the inoculum is shaped by intense colonisation
pressure from resistant maternal and environmental reservoirs, a factor likely exacerbated

by high maternal peripartum antibiotic use.

Aminoglycoside ARGs on the other hand, showed significantly shorter persistence than -
lactam ARGs (median 27 vs. 85 days; Section 5.4.6.3), likely reflecting their distribution
across early colonisers (Staphylococcus, Enterococcus) that decline as obligate anaerobes
establish. However, as our sampling intervals cannot distinguish true persistence from
repeated re-acquisition, this distinction remains a critical consideration for the intervention
strategies, such as maternal decolonisation versus environmental remediation, explored

further in Chapter 7.
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5.5.2 Multi-class resistance clustering and host-context dynamics

AR classes emerged in structured clusters, with several pairs co-occurring significantly more
often than predicted by their individual prevalences (Section 5.4.5). This pattern implicates
MGE:s as shared "vehicles" capable of trafficking multiple ARGs across diverse bacterial
hosts. Three lines of evidence support MGE-mediated co-selection. First, co-presence
heatmaps reveal that class pairs involving B-lactams and aminoglycosides were both
pervasive (85-90% by Day 7) and statistically enriched beyond independence (log:
enrichment typically 0.1-0.5; Section 5.4.5.2). While effect sizes were modest, consistency
across timepoints indicates structured linkage likely maintained by physical co-location on
MGEs or by shared selective pressures(X. Li et al., 2024a). Additionally, host-context
analysis confirms that these ARGs are not confined to single lineages (Section 5.4.6). While
blactx-m-15 was primarily associated with Escherichia and Klebsiella (70-75% and 27-38%
of ESBL-positive samples, respectively), it was distributed across multiple E. coli strains

and Klebsiella species.

Simultaneously, gentamicin-associated AMEs mapped across both Enterobacteriaceae and
Gram-positive genera (Enterococcus, Staphylococcus). This distribution is driven by the
dominance of phosphotransferase (APH) genes, which reached 70% prevalence by the first
week (Section 5.4.6.4). This APH-heavy profile contrasts with a global meta-analysis of
infant resistomes where Patangia et al. (2024) observed that geographic and socioeconomic
factors often correlate with lower ARG abundance in resource-limited settings, whereas this
cohort exhibits rapid, near-universal acquisition. This multi-host distribution is a hallmark
"field signature" of mobile resistance, where ARGs appear across taxonomically distant taxa
because the underlying platform is highly transferable (Baquero, 2004; Partridge et al.,

2018).



181

Furthermore, the early detection of these clusters (Day 0-1) suggests that infants are being
colonised by pre-stabilised MDR modules. The fact that these multi-class clusters appear
across taxonomically diverse 'founder' species within hours of birth suggests that horizontal
transfer, likely occurring within maternal or environmental reservoirs, has already linked
these ARGs onto mobile platforms before they reach the infant. This immediate presence of
multi-host resistance is more consistent with the acquisition of integrated MGE cassettes
than with the independent acquisition of multiple, unlinked resistant strains (Partridge et al.,

2018).

This co-selection mechanism has critical implications for antibiotic stewardship. When
ARGs are physically linked, selection pressure from a single antibiotic can inadvertently
maintain resistance to multiple unrelated classes (collateral damage) (Lopatkin et al., 2017).
In this cohort, the enriched co-presence of B-lactam and aminoglycoside resistance suggests
that empiric gentamicin use could maintain ESBL carriage even without B-lactam exposure,

and vice versa.

The modest shifts in resistome class composition over time (increasing tetracycline and
glycopeptide contributions at later visits; Section 5.4.2.3) likely reflect underlying bacterial
community changes, as these increases coincide with Bifidobacterium emergence (Section
5.4.1). However, the persistent dominance of B-lactam and aminoglycoside classes despite
microbiome maturation suggests that core resistance potential is maintained across
community transitions, likely through MGE-mediated horizontal transfer. While complete
plasmid reconstruction was not performed, the combination of statistical enrichment, multi-
host distribution, and early detection is consistent with MGE-mediated resistance clustering.
This interpretation is further supported by Chapter 6, which shows that antibiotic exposure
amplifies pre-existing resistance patterns rather than initiating them de novo, consistent with

selection acting on MGE-linked modules already present.
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5.5.3 Rare but high-stakes resistance markers

The sentinel analysis distinguished between common but potentially non-functional gene
fragments and clinically relevant operons (Section 5.4.7). While the lenient van cluster was
detected in 70-90% of infants by Day 7, the stringent cluster (functional operons) reached
only 10-20% by the first month. This suggests that while van gene fragments are
widespread, likely reflecting commensal organisms carrying incomplete operons, functional
glycopeptide resistance remains a minority trait. This aligns with findings from high-income
cohorts where van genes are often detected in the infant gut without corresponding

phenotypic resistance (K. Pérnédnen et al., 2018).

Other high-stakes markers, including mecA, mcr, and rmtB (16S rRNA methylase), were
rare or absent throughout the 90-day period. This indicates that while first-line resistance (-
lactam, aminoglycosides) is ubiquitous, last-resort resistance remains uncommon in this
community-based cohort. The near-absence of mcr in this cohort is consistent with findings
in Kolkata, where mcr-1.1 was detected in pregnant mothers but remained absent in their
neonates (Naha et al., 2023). The isolated detection of mcr-10 in this study aligns with
broader genomic surveillance in Nigeria (Portal et al., 2024), suggesting that while plasmid-

mediated reservoirs exist, they have yet to achieve high neonatal penetration in this setting.

Similarly, the rarity of mecA (5-10% prevalence) is consistent with the lower burden of
community-acquired MRSA in LMICs compared to the high prevalence seen in intensive
care environments(Beaumont et al., 2024). However, the early detection of stringent van
clusters in a subset of infants warrants surveillance, as vancomycin-resistant Enterococcus
(VRE) is an emerging threat in African healthcare facilities (Ssekatawa et al., 2021;

Iweriebor et al., 2015). These findings suggest that while the immediate clinical risk from
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last-resort pathogens is low, the infant gut already serves as a sentinel reservoir for emerging

resistance determinants.

5.5.4 Clinical significance: from gut colonisation to infection risk

The resistome trajectories identified in this chapter have direct clinical significance because
they define the resistance landscape that exists in the infant gut before symptomatic infection
occurs. The link between gut colonisation and subsequent infection is well-established:
Schwartz et al. (2023) demonstrated that gut pathogens frequently precede bloodstream
infections in the NICU, with antibiotic pressure often selecting for these resistant strains. In
LMIC settings, this burden is substantial; a recent meta-analysis Beaumont et al. (2024)
found that nearly one-third of infants are colonised with resistant Enterobacteriaceae early
in life, highlighting the gut as a critical reservoir for the antibiotic-resistant sepsis seen in

these cohorts.

Standard WHO-recommended empiric regimens for neonatal sepsis rely on ampicillin
combined with gentamicin (World Health Organization, 2013). However, by the end of the
first week, the majority of infants in this cohort already carried B-lactam and aminoglycoside
resistance determinants (dual-class carriage approaching 100% by Day 7), often in the same
bacterial species (E. coli, Klebsiella) that cause neonatal sepsis. Co-carriage of AmpC B-
lactamases plus aminoglycoside resistance was present in 64% of infants by Day 7, rising to
77% by Day 90; ESBL plus aminoglycoside resistance was present in 50% by Day 7, rising
to 64% by Day 90 (Table 5.2). When these resistance determinants are present in E. coli and
Klebsiella, which together account for 40-60% of culture-confirmed neonatal sepsis cases
in sub-Saharan Africa (Okomo et al., 2019), the potential for empiric treatment failure is

substantial.
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The timing is as critical as the prevalence. Detection at Day 0-1 suggests that the earliest
colonising exposures, spanning delivery, immediate postnatal care, and early ward contact,
are sufficient to establish therapy-relevant resistance. This compressed timeline creates a
fundamental mismatch: guidelines assume that early-onset infections are reliably covered
by narrow-spectrum first-line regimens, but in this setting, infants are colonised with
resistant organisms from birth. This mismatch has implications for both clinical management

and public health strategy, as discussed in detail in Chapter 7.

5.6 Conclusion

This chapter has characterised the rapid assembly of the neonatal microbiome and the
parallel, "compressed" establishment of a multi-drug resistant gut reservoir. The data
demonstrate that while taxonomic succession follows expected global patterns, the
acquisition of therapy-relevant 3 -lactam and aminoglycoside resistance is near-universal
within the first week of life. This resistome is shaped by high colonisation pressure and
likely maintained by MGE-mediated co-selection, creating a fundamental mismatch with
current international treatment guidelines. These findings establish the biological baseline
for Chapter 6, which examines how these established resistance patterns are further

amplified by direct antibiotic exposure.
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Chapter 6: Early-life modulators of the infant gut microbiome

and resistome: an association study

6.1 Introduction

As detailed in Chapter 1, the early-life gut microbiome is a critical determinant of both
immediate infant health and long-term outcomes, influencing susceptibility to infection,
immune maturation, metabolic programming, and growth (Arrieta et al., 2014; Tamburini et
al., 2016). As seen in Chapter 5, the first weeks and months of life represent a period of rapid
microbial community assembly, during which the gut is highly dynamic and vulnerable to
perturbation (Béckhed et al., 2015; Stewart et al., 2018). Alongside shifts in taxonomic
composition, it is now well established that infants’ guts harbour a substantial burden of

ARGs, even in the absence of direct antibiotic exposure (Carvalho et al., 2022).

A set of recurrent modulators shape microbiome and resistome trajectories (Section 1.3,
Table 1.1). Diet, particularly breastfeeding intensity, has been associated with enrichment of
protective taxa such as Bifidobacterium and Bacteroides and suppression of facultative
anaerobes like Enterobacteriaceae, which frequently serve as reservoirs for ARGs (Lyons et
al., 2020; Theophilus & Taft, 2023). Exclusive breastfeeding has been shown to reduce both
total ARG abundance and the prevalence of clinically relevant resistance markers compared
to formula feeding or mixed feeding, likely through combined effects of prebiotic human
milk oligosaccharides, antimicrobial factors, and reduced exposure to environmental

microbes via feeding equipment (Nadimpalli et al., 2024; K. Parnédnen et al., 2018).

Mode of delivery influences the initial inoculum: while vaginal birth facilitates the vertical

transmission of maternal gastrointestinal and vaginal flora, including commensal



Lactobacillus, Prevotella, and Bacteroides species, caesarean delivery is associated with
disrupted seeding, delayed colonisation by obligate anaerobes, and increased exposure to
skin- and hospital-associated organisms (Dominguez-Bello et al., 2010; Reyman et al., 2019;
Shao et al., 2019). These delivery-mode signatures can persist for months to years and have
been linked to increased carriage of ARGs, particularly in healthcare settings with high

background AMR prevalence (Gasparrini et al., 2019).

Furthermore, systemic antibiotic exposure can profoundly disrupt this successional process,
reducing diversity, depleting beneficial obligate anaerobes, and selecting for transferable
ARGs with effects that may persist well beyond the treatment period (Luchen et al., 2023;
Patangia, Grimaud, O’Shea, et al., 2024a). Neonatal antibiotic exposure has been associated
with increased abundance of Enterobacteriaceae, enrichment of (-lactam and
aminoglycoside resistance genes, and altered metabolic profiles that may influence long-
term health outcomes including obesity, asthma, and inflammatory bowel disease (Dierikx

et al., 2020; Stewart et al., 2018).

These clinical and dietary influences operate within broader environmental and structural
contexts, including the high background AMR pressure and constraints in WASH
infrastructure described for this cohort in Chapters 1 and 4. While these environmental
factors are not modelled as direct covariates, they are essential for the ecological

interpretation of the findings presented herein.

This chapter builds upon that foundational work described in the study design (Chapter 2),
the baseline characteristics (Chapter 4), and the descriptive temporal characterisation of
microbiome and resistome dynamics (Chapter 5). Here, the independent and potentially
interactive effects of mode of delivery, systemic antibiotic exposure, and breastfeeding

intensity are examined in relation to variability in gut profiles, while accounting for perinatal



confounders (gestational age, birthweight, and sex). Outcomes include bacterial a-diversity,
community composition, and colonisation by selected commensal and opportunistic species.
Resistome outcomes include total ARG burden, resistome composition, and carriage of
clinically prioritised B-lactamase markers, specifically CTX-M-15, the most prevalent ESBL
genotype globally and a primary driver of multidrug-resistant infections in sub-Saharan

Africa (Bevan et al., 2017; Musicha et al., 2017).

Despite extensive study of these modulators in high-income settings, several gaps remain
that this chapter is designed to address. Most existing work has focused on taxonomic
composition, often using 16S rRNA sequencing, with relatively little attention to the
resistome. Where resistance has been studied, analyses are frequently limited to targeted
genes in cross-sectional designs and rarely include African populations, where exposure
patterns, healthcare practices and background AMR burden differ from high-income settings
(Musicha et al., 2017; Okomo et al., 2019). The landmark study by Maghini et al. (2025)
provided the first comprehensive characterisation of the African gut microbiome,
demonstrating distinct taxonomic profiles compared to Western populations, with higher
Prevotella and lower Bacteroides abundance reflecting differences in diet, environment, and
host genetics. However, that study focused on adults using single timepoint sampling, and
significant gaps remain in understanding early-life gut colonisation across diverse African

settings.

The present chapter uses the rich, longitudinal dataset to address these gaps by asking three

related questions:

1. How are mode of delivery, neonatal antibiotics and breastfeeding pattern associated
with the colonisation of key commensal and opportunistic taxa in this high AMR

Nigerian setting?



2. How do these same modulators relate to total ARG burden, resistome composition

and carriage of clinically important B-lactam resistance determinants over the first

90 days of life?

3. Do these early-life "hits" combine to concentrate the carriage of clinically important

B-lactamase determinants, such as blactx-m-15, during the neonatal period?

6.2 Aims

This chapter quantifies the associations between key early-life modulators, mode of delivery,
neonatal antibiotic exposure, and infant feeding patterns, and the developmental trajectories
of the gut microbiome and resistome over the first 90 days of life in this Nigerian birth

cohort. The work therein considers:

1) Modulators of microbiome and resistome development (D0-D90): To determine how

mode of delivery, infant antibiotic exposure, and feeding pattern are associated with:

(a) microbiome diversity and resistome burden across the first 90 days of life, with formal

inference prioritised at clinically interpretable timepoints (D5, D28, D90);

(b) overall microbiome and resistome composition over time; and

(c) colonisation by pre-specified commensal and opportunistic taxa during early life.

2) Infant antibiotics: scheduled-timepoint differences and acute perturbation: To assess
associations between infant antibiotic exposure and microbiome/resistome outcomes,

including clinically important -lactam resistance markers (focusing on blacrx-m-15), using:

(a) cross-sectional models at D5, D28 and D90 based on prior antibiotic exposure at each

sampling timepoint; and



(b) acute-window analyses among exposed infants indexing samples to first antibiotic

initiation (pre-exposure, 0-7 days, 8-30 days).

3) Combined modulators and high-risk resistance colonisation (cumulative exposure and
effect modification). To examine whether combined early-life exposures are associated with

high-risk resistance colonisation, using:

(a) a cumulative exposure score reflecting caesarean delivery, infant antibiotic exposure, and
low/no breastfeeding in relation to blactx-m-15 detection and (as a sensitivity outcome) a

composite ESBL marker outcome at days 28 and 90; and

(b) exploratory effect modification analyses assessing whether antibiotic associations differ
by mode of delivery or feeding pattern, using a small number of pre-specified interaction

questions and/or stratified summaries where cell sizes permit.

Hypotheses: It was hypothesised that C-section and infant antibiotic exposure would be
associated with differences in early microbiome maturation and higher carriage of clinically
relevant B-lactam resistance markers at scheduled timepoints, and that antibiotic exposure
would be associated with measurable short-term changes in microbiome diversity and

resistome burden in the period after the first antibiotic course.

6.3 Chapter-specific methods

6.3.1 Early-life modulators

Mode of delivery was analysed as a binary exposure (C-section vs vaginal delivery). Infant
feeding was classified at each sampling timepoint using maternal report for the interval

preceding sample collection and collapsed into a three-level breastfeeding intensity variable



consistent with WHO definition of breastfeeding categories and prior epidemiologic practice
in infant feeding research (Aarts et al., 2000; Burgin, 1996; Dharel et al., 2020): exclusive
breastfeeding (EBF), predominantly breastfed with water and/or supplements (High BF),
and low/no breastmilk (Low no BF). This grouping was used to reflect breastfeeding
intensity in the first 90 days while retaining adequate sample sizes within categories. For
selected analyses requiring a simpler, clinically interpretable contrast (and to avoid sparse
Low_no_ BF sample size), feeding was additionally represented as a binary EBF vs non-

EBF variable (non-EBF: combining High BF and Low _no_BF).

Infant antibiotic exposure was defined at each sampling timepoint as any prior systemic
antibiotic administration from birth up to sample collection timepoint (Yes/No). For acute-
window analyses among antibiotic-exposed infants, the day of life of first antibiotic
initiation (abx_start day) was identified. To define specific windows of effect, each sample
was timed relative to the day of initiation (days since abx_start), categorising them into
pre-exposure, 0-7 days (inclusive of the initiation day), and 8-30 days post-initiation (sub-
acute window). Antibiotic regimen intensity at initiation (start day) was defined as narrow
B-lactam only (specifically penicillins: amoxicillin, ampicillin, cloxacillin, or flucloxacillin,
as monotherapy or in combination) versus broader/intensive (receipt of any broader-
spectrum agent and/or combination therapy). The windowing approach was prespecified to
capture an acute post-initiation period (first week) and a sub-acute period (up to one month),
adapting from infant/NICU studies that index samples to antibiotic timing (Benitez et al.,

2025; Coenen et al., 2020; Kleine Bardenhorst et al., 2021; Reyman et al., 2022).

Prespecified covariates were sex, gestational age at birth (weeks), and birthweight (grams),
selected a priori as markers of neonatal maturity and early physiological vulnerability that
may confound associations between clinical modulators and microbiome/resistome

outcomes.



6.3.2 Outcomes

Microbiome outcomes were: (i) Shannon diversity at species level; calculated from relative
abundance profiles; (ii) overall community composition using Bray-Curtis dissimilarities on
relative abundance, visualised by ordination and tested using PERMANOVA; and (iii)
carriage of a pre-specified panel of commensal (Bifidobacterium spp., Bacteroides fragilis,
Phocaeicola vulgatus) and opportunistic pathogen taxa (E. coli, K. pneumoniae,
Enterobacter ~ hormaechei,  Citrobacter  portucalensis,  Enterococcus  faecium,
Staphylococcus aureus), classified as presence/absence based on non-zero relative

abundance at each timepoint.

Resistome outcomes were: (i) total ARG burden, defined as the sum of normalised ARG
counts per sample and analysed as logio(total ARG + 1) to reduce right-skewness and allow
interpretation on an approximate fold-change scale; and (ii) resistome composition analysed
using centred log-ratio (CLR) transformation and Aitchison distances for ordination and
PERMANOVA (implemented as described in Chapter 2). Given the clinical focus on (-
lactam resistance in this cohort, B-lactam-specific outcomes included carriage of blactx-m-15
(binary) and, where reported as a sensitivity analysis, a composite ESBL marker outcome

using the predefined marker panel described in Chapter 5.

6.3.3 Statistical analysis

6.3.3.1 Scheduled timepoint analyses (D5, D28, D90)

Cross-sectional analyses were performed at D5, D28 and D90 (one observation per infant
per timepoint) to provide clinically interpretable adjusted comparisons at key milestones
(early neonatal period, end of neonatal period, and early infancy). Continuous outcomes

(Shannon diversity; logio total ARG burden) were analysed using linear regression, and



binary outcomes (taxon carriage; CTX-M-15 carriage; ESBL marker carriage where
applicable) were analysed using logistic regression. Models adjusted for sex, gestational age
and birthweight, and included the other modulators measured at that timepoint (delivery
mode, prior antibiotic exposure, and feeding category). These therefore provide mutually

adjusted estimates for the primary modulators at each timepoint.

In addition to these scheduled-timepoint models, outcomes were summarised descriptively
across all scheduled sampling days (D0-D90) to characterise trajectories and to contextualise

the timepoint-specific estimates.

6.3.3.2 Acute-window antibiotic analyses

Acute changes around antibiotic exposure was assessed among antibiotic-exposed infants
only using an exposure-anchored window approach that indexed each stool sample to the
infant’s first day of antibiotic initiation (Coenen et al., 2020; Kleine Bardenhorst et al.,
2021). Samples were classified as pre-exposure, 0-7 days after initiation (inclusive of the
start day), or 8-30 days after initiation. To account for repeated sampling within infants,
linear mixed-effects models with an infant-specific random intercept were fitted, with
antibiotic window as the primary predictor and adjustment for day of life, mode of delivery,
feeding category, and the previously prespecified perinatal covariates (sex, gestational age,
and birthweight). In secondary analyses, a window x regimen intensity term was included
to evaluate whether window-associated changes differed between infants treated with
narrow f-lactam monotherapy versus broader/intensive regimens. Model results are
presented as adjusted mean outcomes by window with 95% confidence intervals, and as

pairwise contrasts between windows derived from the fitted model.



6.3.3.3 Combined exposure analyses

Combined-exposure analyses used a cumulative “multi-hit” (Bogaert et al., 2023)score
defined at the timepoint of interest as the count of: C-section delivery, prior antibiotic
exposure at sampling, and Low_no_ BF feeding status. The score was categorised as 0, 1, or
>2 hits to preserve stability given sparse 2- and 3-hit strata. Logistic regression models were
fitted at D28 and D90 with CTX-M-15 carriage (and the composite high-risk definition
where applicable in Results) as the outcome, adjusting for sex, gestational age and

birthweight.

6.3.3.4 Missing data and checks

Prevalence estimates are reported as n/N, where N denotes samples with non-missing
outcome. Regression analyses were complete-case with respect to outcome and model
covariates at the relevant timepoint; “Model N denotes observations included in the fitted
model. Collinearity diagnostics were checked for primary models and did not indicate
material multicollinearity. Where sample size are sparse (e.g., very small strata or outcome),

results were presented descriptively or interpreted with emphasis on imprecision.

6.4 Results

6.4.0 Results overview: distribution of key modulators and rationale for antibiotic

windowing

Mode of delivery, infant antibiotic exposure, and feeding pattern varied across infants and
scheduled visits and are summarised here before modulator-specific analyses. Among the
87 infants contributing to the analysed dataset, 22 were delivered by caesarean section and

65 by vaginal delivery (25.3% vs 74.7%). Twenty-six infants received systemic antibiotics



at least once during follow-up and 61 did not (29.9% vs 70.1%) (Table 6.1, Panel A). At
scheduled sampling timepoints, prior antibiotic exposure before sample collection increased
over follow-up (D5: 11/67 [16.4%]; D28: 15/66 [22.7%]; D90: 21/63 [33.3%]) (Table 6.1,

Panel B).

Feeding was classified at each sampling timepoint into EBF, High BF, or Low no BF
(Section 6.3). At key scheduled visits, feeding was predominantly High BF (D5-D90: 79.1-
81.8%), with smaller proportions EBF (12.7-14.9%) and Low no BF (4.5-6.3%) (Table 6.1,

Panel C).



Table 6.1: Distribution of key early-life modulators in the analysed cohort and at

scheduled sampling visits.

Panel A: Infant-level (N = 87):

Distribution of key early-life modulators in the analysed cohort and at scheduled

sampling visits.

Mode of delivery Vaginal
C/S

Systemic  antibiotics

ever Yes
No

65/87 (74.7%
22/87 (25.3%)

26/37 (29.9%)
61/87 (70.1%)

Panel B: (sample-level; scheduled visits): Prevalence of prior systemic antibiotic exposure
by the sampling timepoint (Yes/No) at DS, D28 and D90 among samples assessed at each

visit.

Day :Issessed f{:iso(rn /;n;i:;iotics :rl;i(i);iotics No
’ (n/N, %)

D5 67 11/67 (16.4%) 56/67 (83.6%)

D28 66 15/66 (22.7%) 51/66 (77.3%)

D90 63 21/63 (33.3%) 42/63 (66.7%)

Panel C: (sample-level; scheduled visits): Feeding status at each sampling timepoint
classified into three breastfeeding intensity categories: exclusive breastfeeding (EBF),
predominantly breastfed with water and/or supplements (High BF), and low/no
breastmilk intake (Low_no_BF).

bay N EBF High_BF Low no_BF
assessed /N, %) /N, %) (n/N, %)

D5 67 10/67 (14.9%) 53/67 (79.1%)  4/67 (6.0%)

D28 66 9/66 (13.6%) 54/66 (81.8%)  3/66 (4.5%)

D90 63 8/63 (12.7%) 51/63 (81.0%)  4/63 (6.3%)

Values are n/N (%), where N denotes samples with non-missing feeding classification at the

specified timepoint.



Figure 6.1 summarises individual-level antibiotic exposure histories for the 26 infants who
received systemic antibiotics during follow-up (up to D97). Initiation was heterogeneous in
timing: while many courses began in the first postnatal week, start days were distributed
across the early postnatal period and were not aligned to a single scheduled sampling day.
Regimen structure was also heterogeneous, including overlapping combination therapy and
sequential courses of varying duration. Given this timing and regimen heterogeneity,
antibiotic effects are presented both as scheduled-timepoint “prior exposure” contrasts and
using the acute-window approach (Section 6.4.2), where samples are indexed to each

infant’s first antibiotic initiation and grouped into prespecified windows.

To provide a single adjusted snapshot across modulators at each key milestone, overview
regression models were fitted at D5, D28, and D90 including mode of delivery, prior
antibiotic exposure, and feeding category (with adjustment for sex, gestational age, and
birthweight). In these overview models, caesarean delivery was associated with lower
Shannon diversity at D5, with no clear evidence of differences at D28 or D90 (Table 6.2).
Caesarean delivery was also associated with higher total ARG burden at D5 and D28, with
no clear evidence of differences by D90 (Table 6.2). Estimates for prior antibiotic exposure
and feeding category were generally imprecise in these overview models and are therefore

interpreted primarily in the modulator-specific sections that follow.
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Figure 6.1: Individual-level systemic antibiotic exposure histories during follow-up, demonstrating heterogeneous

timing and regimen complexity.

Each row represents one antibiotic-exposed infant, plotted over day of life. Coloured horizontal segments indicate start—
stop periods for specific antibiotic course; multiple segments within an infant indicate sequential courses and/or
overlapping co-administration. Point symbols indicate route of administration (IV vs oral). Infants are grouped into
panels according to regimen structure (mono-, dual-, or triple- therapy). The irregularity of initiation times across the
postnatal period, use of multi-therapy and or sequential regimens motivate the exposure-anchored acute-window
approach, which indexes stool samples to the first day of antibiotic initiation rather than relying solely on scheduled

sampling timepoints.



Table 6.2: Mutually adjusted associations of early-life modulators with microbiome diversity and total resistome burden at scheduled

sampling milestones (D5, D28, D90).

Model

Outcome Day N C/S vs Vaginal Prior antibiotics (Yes vs No) High BF vs EBF Low no BF vs EBF

-0.665 (-1.028 to -0.302); -0.338 (-0.726 to 0.050); -0.659 (-1.080 to -0.239); -0.198 (-0.911 to 0.514);
Shannon diversity D5 67 p=0.001 p=0.087 p=0.003 p=0.579

0.013 (-0.373 to 0.399); 0.010 (-0.372 to 0.392); -0.101 (-0.581 to 0.379); 0.185 (-0.653 to 1.023);
Shannon diversity D28 66 p=0.946 p=0.958 p=0.675 p=0.660

-0.036 (-0.350 to 0.278); -0.005 (-0.269 to 0.259); -0.264 (-0.659 to 0.131); 0.152 (-0.437 to 0.742);
Shannon diversity D90 63 p=0.818 p=0.969 p=0.186 p=0.606
log10(total ARG + 0.092 (0.044 to 0.139); 0.037 (-0.013 to 0.087); -0.009 (-0.066 to 0.048); -0.045 (-0.150 to 0.061);
1) D5 63 p=<0.001 p=0.146 p=0.759 p=0.400
log10(total ARG + 0.070 (0.028 to 0.112); 0.039 (-0.004 to 0.082); -0.009 (-0.073 to 0.055); -0.027 (-0.124 to 0.069);
1) D28 61 p=0.002 p=0.075 p=0.780 p=0.573
log10(total ARG + 0.001 (-0.028 to 0.030); 0.023 (-0.001 to 0.047); -0.029 (-0.064 to 0.005); 0.002 (-0.050 to 0.053);
1) D90 59 p=0.951 p=0.063 p=0.095 p=0.948

Linear regression models were fitted separately at D5, D28, and D90 to estimate adjusted differences in Shannon diversity and total ARG burden (log10
[total ARG + 1]). Estimates are presented as adjusted mean differences with 95% confidence intervals and p-values for: C-section (C/S) versus vaginal
delivery; systemic antibiotics (Yes vs No, by the sampling timepoint); and feeding category contrasts with exclusive breastfeeding (EBF) as the reference

(High_BF and Low_no_BF). All models adjust for sex, gestational age, and birthweight, and include the concurrent modulators measured at the same

timepoint (delivery mode, prior antibiotic exposure, and feeding category). “Model N denotes complete cases included in each fitted model.



6.4.1 Mode of delivery: early microbiome and resistome difference

6.4.1.1 Is mode of delivery associated with altered microbiome diversity and resistome

burden?

To assess whether mode of delivery was associated with early microbiome maturation and
resistome burden, Shannon diversity and total ARG burden (logio[total ARG + 1]) were
compared between C-section and vaginally delivered infants across all scheduled sampling
days (DO, 1, 3,5, 7, 14, 28 and 90). For formal inference at clinically interpretable milestones
(D5, D28 and D90; Section 6.3.3.1), models were mutually adjusted as prespecified (Section
6.3.3.1). Descriptive trajectories for both alpha diversity and resistome burden were

visualised using boxplots stratified by delivery mode (Figure 6.2A-B).



A Shannon diversily by delivery mode
ve G o3 oy ar 918 D25 08

&z-
g
L delivery mode
o - Wagingl
5 I
£ . (8]
3.
w |
|
[
Wgind ©S  \eging 08 eginw ©S  Veinwl ©8 Vagnel €5 Vgiel C3 Vagnel 03 Vegesl €S
D-'l very mode
B Total ARG burden by delivery mede
00 0 o3 Ds o7 o G2s (%))

o

log10 tetal ARG sbundance
[a]

'MWHI

o~

Figure 6.2: Longitudinal distributions of microbiome diversity and total resistome burden by
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A) Shannon diversity (species level) stratified by delivery mode (vaginal vs C-section) at each
timepoint. (B) Total ARG burden expressed as log10 (total ARG + 1) at the same visits, stratified by
delivery mode. Boxplots summarise the median and interquartile range; whiskers indicate 1.5xIQR
and points denote outliers. These plots are descriptive (unadjusted) and include all available samples
at each timepoint.

Shannon diversity was lower in caesarean-delivered infants at several early neonatal
timepoints, with convergence by later infancy. In adjusted mixed-effects models allowing
delivery-mode effects to vary by sampling day, the caesarean—vaginal difference was
negative at D3 and D5 (e.g., D3: A=-0.55, 95% CI —0.88 to —0.21; D5: A=-0.65, 95% CI

—0.98 to —0.33), with little evidence of a difference by D28 (A = —0.01, 95% CI —0.33 to



0.31) or D90 (A = —0.13, 95% CI —0.47 to 0.20). Visual inspection of the full 0-90-day
trajectories is consistent with these model-based contrasts, with early separation narrowing

after the first postnatal week and substantial overlap by days 28 and 90.

In contrast, total ARG burden (logio[total ARG + 1]) was higher in C-section infants during
early life, with attenuation by D90 (Figure 6.2B). In adjusted mixed-effects models,
delivery-mode differences were most evident from D3 through D28 (e.g., D5: A =+0.085,
95% CI +0.042 to +0.129; D28: A=+0.070, 95% CI +0.029 to +0.112), while no evidence
of a difference was observed by D90 (A =+0.002, 95% CI —0.043 to +0.046). These analyses
indicate that caesarean delivery is associated with reduced microbiome diversity at select
early neonatal timepoints and an elevated resistome burden through the first month, with

convergence by three months.

6.4.1.2 Does mode of delivery change overall community composition?

To evaluate whether mode of delivery was associated with overall gut community structure,
taxonomic microbiome and resistome composition were examined. For the microbiome
analysis, genus-level relative abundance profiles were visualised in PCoA space using Bray—
Curtis dissimilarities, with delivery mode overlaid to identify clustering patterns (Figure
6.3A). Resistome analysis employed centred log-ratio transformation of sample-wise ARG
abundances, followed by PCoA using Aitchison distance (Figure 6.3B). Differences in
community composition and resistome by delivery mode were tested at key milestone

timepoints (D5, D28, D90) using adjusted PERMANOVA models.

Results indicated that delivery mode was associated with a significant shift in taxonomic
composition during the first month of life. At D5, delivery mode explained ~6.2% of

between-infant Bray-Curtis variation (R? = 0.062, P = 0.001), and a similar magnitude



persisted at D28 (R?=0.056, P =0.002). By D90, there was no evidence of a delivery-mode
effect on microbiome composition (R? = 0.016, P = 0.363), consistent with the diversity

results indicating convergence by three months.

A parallel pattern was observed for the resistome, with delivery mode explaining a
measurable fraction of resistome compositional variation early in life and at D28. In adjusted
PERMANOVA models, delivery mode was associated with resistome composition at D1 (R?
=0.078,P=0.001), D3 (R*=0.048, P=0.010), D5 (R>=0.059, P=10.001), D7 (R? = 0.050,
P =0.003), and D28 (R? = 0.099, P = 0.002), but not at D14 (R? = 0.020, P = 0.18) or D90
(R#=0.017, P=0.288). By three months, resistome profiles overlapped substantially across
delivery modes. These analyses indicate that mode of delivery exerts a significant effect on

both microbiome and resistome composition in early life, with attenuation by D90.

6.4.1.3 Effect of mode of delivery colonisation by key taxa

Moving from global composition patterns to clinically relevant organisms, a pre-specified
panel of commensal taxa and common neonatal pathogens/hospital-associated organisms
(6.3.2) was examined. For each taxon, delivery-mode effects on logjo relative abundance
were estimated at D5, D28 and D90 (Figure 6.4). In parallel, colonisation prevalence

(presence/absence) was evaluated at D5 and D28 using adjusted logistic regression (Table

6.3).

At D5, caesarean delivery was associated with depletion of multiple obligate anaerobes.
Relative abundances of B. longum, P. vulgatus and B. fragilis were lower in C-section infants
(e.g., Alogio -2.56 for B. longum; FDR < 0.01). Consistent with this, the odds of colonisation
with B. longum and P. vulgatus were reduced in the C-section group (aOR 0.11 and 0.07,

respectively; FDR < 0.05), with B. fragilis showing a similar but borderline pattern. In



contrast, some hospital-associated organisms showed higher relative abundance in C-section
infants at D5 (e.g., E. faecium and C. portucalensis; FDR < 0.02), although corresponding

prevalence differences were imprecise.

By D28, differences in commensal taxa had reduced but remained evident for selected
species (e.g., B. bifidum and B. fragilis). Over the same period, several Enterobacteriaceae
and E. faecium showed higher relative abundance in C-section infants, with wide confidence
intervals for prevalence contrasts. By D90, most delivery-related differences in potential
pathogens were no longer evident, whereas reduced abundance of certain anaerobic
commensals (notably B. fragilis and P. vulgatus) persisted, suggesting delayed colonisation

of these taxa despite convergence in global community structure by three months.
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Figure 6.3: Delivery-mode differences in microbiome and resistome community composition across
infancy.

(A) Bray-Curtis PCoA of gut microbiome community composition at days 5, 28 and 90 of life,
coloured by mode of delivery. Each point represents one infant sample; ellipses indicate the 95%
confidence region for each delivery group.

(B) Aitchison PCoA of the gut resistome at days 1, 3, 5, 7, 14, 28 and 90, again stratified by mode of
delivery with 95% confidence ellipses. Axes show the first two principal coordinates (PC1 and PC2)
with the percentage of variance explained.



Effect of caesarean delivery on selected taxa at D5, D28 and D90
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Figure 6.4: Mode of delivery associations with the relative abundance of selected gut taxa.

Each point represents the estimated difference in log10(relative abundance) between CS-delivered and vaginally
delivered infants (CS — vaginal) for the indicated taxon at day 5 (red), day 28 (green) and day 90 (blue); horizontal
lines show 95% confidence intervals. Values to the right of the vertical zero line indicate higher abundance in CS
infants, and values to the left indicate higher abundance in vaginally delivered infants.



Table 6.3 Adjusted odds ratios for colonisation by selected taxa in caesarean-delivered

versus vaginally delivered infants.

Taxon carriage was defined as presence/absence based on non-zero relative abundance at the
relevant sampling timepoint. For each taxon and timepoint, logistic regression models estimated
the odds of carriage in caesarean-delivered infants relative to vaginally delivered infants (odds

ratio, OR), with 95% confidence intervals and p-values.

Taxa n Day of Life = OR OR lower OR upper p value p FDR
(Samples)
Commensals:
Bacteroides fragilis 67 D5 0.09 0.01 0.45 0.008 0.052
Bacteroides fragilis 66 D28 1.31  0.39 4.56 0.661 0.734
Bifidobacterium bifidum 67 D5 0.31 0.06 1.20 0.112 0.250
Bifidobacterium bifidum 66 D28 0.72  0.21 2.48 0.591 0.734
Bifidobacterium longum 67 D5 0.11  0.02 0.45 0.004 0.038
Bifidobacterium longum 66 D28 447 057 113.47 0.230 0.328
Phocacicola vulgatus 67 D5 0.07 0.01 0.33 0.003 0.038
Phocacicola vulgatus 66 D28 0.53 0.13 1.94 0.351 0.468
Opportunistic/pathogens:
Citrobacter portucalensis 67 D5 232 0.67 8.64 0.190 0.317
Citrobacter portucalensis 66 D28 290 0.79 11.40 0.111 0.250
Enterobacter hormaechei 67 D5 1.39 0.38 5.86 0.632 0.734
Enterobacter hormaechei 66 D28 290 0.83 12.10 0.112 0.250
Enterococcus faecium 67 D5 3.70 1.07 14.36 0.045 0.149
Enterococcus faecium 66 D28 2.16 0.63 8.03 0.229 0.328
Escherichia coli 67 D5 0.10 0.01 0.86 0.043 0.149
Escherichia coli 66 D28 - - - - -
Klebsiella pneumoniae 67 D5 0.25 0.04 1.56 0.127 0.254
Klebsiella pneumoniae 66 D28 490 0.74 99.08 0.163 0.296
Staphylococcus aureus 67 D5 0.80 0.20 3.53 0.757 0.797
Staphylococcus aureus 66 D28 0.22  0.05 0.89 0.037 0.149

Odds ratio not estimable at Escherichia coli D28 due to (quasi-)complete separation; colonisation

was almost ubiquitous across groups.



6.4.2 Infant antibiotics and acute-window changes in microbiome/resistome endpoints

6.4.2.1 Cross-sectional differences in diversity and resistome burden

To assess whether prior systemic antibiotic exposure was associated with microbiome
diversity and resistome burden at scheduled follow-up visits, infants were classified at each
sampling timepoint according to whether they had received any systemic antibiotics before
or on the day of sampling (“antibiotics prior” vs “no antibiotics prior”). This indicator
captures heterogeneous exposure histories (including infants who may still have been
receiving therapy at the time of sampling), as described in the antibiotic exposure timelines
(Figure 6.1). Analyses were restricted to samples collected at days 5, 28 and 90, representing
early (first postnatal week), intermediate (end of the neonatal period) and later
(approximately three-month) infant timepoints (Section 6.3.3.1), and aligning with the

delivery-mode analyses in Section 6.4.1.

At each timepoint, Shannon diversity and total ARG burden (logio[total ARG + 1]) were
modelled separately using adjusted linear regression (Section 6.3.3.1). These models
complement descriptive boxplots of diversity and ARG burden stratified by antibiotic

exposure at each scheduled visit (Figure 6.5).

At day 5, infants with prior antibiotic exposure tended to have lower Shannon diversity than
those without prior exposure (adjusted coefficient —0.33; P = 0.095). By day 28, there was
no clear association between prior antibiotic exposure and Shannon diversity (coefficient
—0.04; P=0.81). By day 90, the antibiotics coefficient was essentially zero (—0.01; P=0.95),

consistent with convergence of overall diversity by three months of age.

Patterns for total ARG burden differed. At all three timepoints, the adjusted coefticients for
antibiotic exposure were positive, indicating higher ARG abundance among infants who had

received antibiotics, although estimates were small and imprecise. At day 5, antibiotic-



exposed infants had on average 0.03 higher logio total ARG burden than unexposed infants
(P =0.17), equivalent to approximately a 1.07x difference. At day 28, the difference was
slightly larger (0.04; P = 0.083), and at day 90 a similar estimate was observed (0.02; P =
0.066; ~1.05%). Across these milestone models, other covariates (including feeding pattern,
sex, gestational age and birthweight) contributed less consistently to variation in total ARG

burden at the available sample sizes.

Effect of neonatal antibiotics on Shannon diversity and ARG burden
at D5, D28 and D90
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Figure 6.5: Descriptive distributions of microbiome diversity and total resistome burden by antibiotic exposure.

Boxplots compare Shannon diversity (top row) and total ARG burden between infants with prior antibiotics
exposure by the sampling timepoint (“Abx prior”) versus those with no prior exposure (“No abx prior”) at D5, D28
and D90. Boxes show the interquartile range with the median; whiskers indicate 1.5xIQR and points denote outliers.
These panels provide an unadjusted visual summary.



6.4.2.2 Acute changes around antibiotic exposure: windows (Pre / 0-7 / 8-30 days), regimen

intensity, taxa, and p-lactam ARG carriage

To examine short-term changes around neonatal antibiotic exposure, samples were classified
into three exposure-anchored windows defined by days since first dose: Pre, 0-7 days
(inclusive of the initiation day), and 8-30 days post-initiation. Analyses were restricted to
infants who received systemic antibiotics, with samples indexed to each infant’s first
antibiotic start day. For Shannon diversity and logio total ARG burden, mixed-effects models
were fitted with window and regimen intensity (narrow B-lactam only vs broader/intensive)
as predictors, including a random intercept for infant and adjustment for day of life, delivery

mode, feeding category, and other prespecified covariates.

Visual inspection of within-infant trajectories showed heterogeneity in both Shannon
diversity and total ARG burden across the three windows, with no consistent, uniform shift
shared across most infants (Figure 6.6A-B). In adjusted interaction models, there was no
clear evidence of an overall window effect for Shannon diversity (Type III test for window:
p = 0.537) and no strong evidence that the window pattern differed by regimen group
(window x regimen: p = 0.110). Regimen-specific contrasts suggested limited separation
between Pre and 0-7 days in either regimen group, while the narrow-only group showed
higher Shannon diversity in the 8-30-day window relative to 0-7 days (0-7 vs 8-30 estimate
-0.386, Tukey-adjusted p = 0.025), compatible with partial recovery by several weeks after

first exposure.

For total ARG burden, the adjusted model provided borderline evidence that values differed
across windows (Type III test for window: p = 0.0685) and weak evidence for a window x
regimen interaction (p = 0.0720) (Figure 6.6B). Regimen-stratified contrasts indicated no
clear separation across windows among narrow-only infants. Among broader/intensive

infants, estimated Pre values were higher than those in the post-exposure windows (Pre vs



0-7 estimate 0.106, Tukey-adjusted p = 0.045; Pre vs 8-30 estimate 0.108, p = 0.052). This
contrast is sensitive to small and uneven denominators contributing to the broader/intensive
Pre window (shown in Figure 6.6B) and should not be interpreted as a treatment-driven
reduction in ARG burden; rather, it is consistent with clinical heterogeneity and differences
in which infants contribute samples to each window. Overall, after covariate adjustment and
accounting for repeated sampling, acute shifts in Shannon diversity and total ARG burden
around first antibiotic exposure were not strong or uniform at the cohort level, and regimen-
level separation in these global outcomes was limited at the available sample sizes (Figure

6.6A-B). Mixed-model window contrasts are provided in Table S6.1.

Because Shannon diversity and total ARG burden can mask clinically relevant
compositional change, selected commensals and opportunistic taxa were examined across
the same acute windows, stratified by infant-level regimen group (Figure 6.7A-B). Across
commensal taxa (including Bifidobacterium species and Bacteroides/Phocaeicola) and
opportunistic taxa (including Enterobacteriaceae, enterococci and staphylococci), windowed
profiles showed overlapping confidence intervals across many strata, with patterns varying
by taxon and by infant group. Several taxa were detectable before antibiotics and remained
detectable in the post-exposure windows, indicating that first antibiotic exposure commonly
occurs against a background of established early colonisation. Where differences were
apparent, they were not consistently aligned in the same direction across taxa or regimens,
and limited denominators in some strata, particularly within the broader/intensive group,
constrain strong inference. These panels are therefore primarily descriptive, highlighting that
any acute antibiotic-associated change is more likely to present as shifts in specific taxa than

as a large, consistent change in Shannon diversity alone.

Finally, given the clinical focus on PB-lactam resistance, carriage of two sample-level

endpoints was summarised, any B-lactam ARG and blactx-m-15, collapsed to infant X window



presence/absence (any detection within the window), with denominators reported for each
stratum. Carriage of any [B-lactam ARG was high across windows, offering limited
discrimination across regimen strata. In contrast, blactx-v-15 provided more clinically
informative resolution: this marker was already present in a substantial proportion of infants
in the Pre window and remained detectable across the 0—7 and 8-30 day windows, with wide
uncertainty in smaller strata (Figure 6.8). This pattern indicates that clinically relevant
resistance markers frequently pre-date the first antibiotic course and persist across the
subsequent month, and should be interpreted in light of clinical heterogeneity, small
denominators in some strata, and the observational nature of regimen assignment (Figures

6.7-6.8).



A Shannon diversity before and after the antibiotic exposure

‘ ' Regimean Intensity

Nietow_beta_laclam _oedy

Shannon diversity

?___,_.—-——-—0-\ 3 & Broader_ar_mensno

Window relative to antiblotic exposure

B Total ARG burden before and afier antibiotic exposure

Regimen Intensity

“B= Narrow beta byctam oy
B Browder_ot_intenisive
1 it

Total ARG burden (log10)

Window relative to antibiotic exposure

Figure 6.6: Acute-window mixed-model estimates of microbiome diversity and total resistome
burden around first antibiotic initiation, stratified by regimen intensity.

Among antibiotic-exposed infants, stool samples were indexed to the first day of systemic
antibiotic initiation and classified into three windows: Pre (before exposure), 0-7 days (inclusive
of the start day), and 830 days post-initiation. Panels show adjusted mean outcomes by window
and regimen intensity (infant-level classification: narrow B-lactam monotherapy vs
broader/intensive regimens). (A) Shannon diversity. (B) Total ARG burden. Points indicate
adjusted means and vertical bars indicate 95% confidence intervals from linear mixed-effects
models including an infant-specific random intercept and adjustment for day of life, delivery
mode, feeding category, sex, gestational age, and birthweight. Faint lines show within-infant
trajectories across windows. Denominators (n) shown beneath each window indicate the number
of samples contributing to each regimen x window stratum.
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Figure 6.7: Taxon-specific patterns around first antibiotic exposure by regimen intensity:
opportunistic/pathogen taxa and selected commensals.

Among antibiotic-exposed infants, samples were indexed to the first day of antibiotic initiation
and grouped into Pre, 0-7 days (inclusive), and 8-30 days post-initiation windows. Panels
summarise mean taxon abundance within each window, stratified by infant-level regimen
intensity (narrow B-lactam vs broader/intensive regimens).

(A) Opportunistic/pathogen taxa. (B) Selected commensals. Points show window-specific means
of log10(relative abundance + 1x107¢) and vertical bars indicate 95% confidence intervals. These
panels are intended as descriptive summaries of taxon-level shifts around antibiotic initiation.
Denominators vary across windows and regimen groups.
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Figure 6.8: Windowed prevalence of B-lactam resistance markers around first antibiotic exposure,
stratified by regimen intensity.

Among antibiotic-exposed infants, samples were indexed to the first day of antibiotic exposure and classified
into Pre, 0-7 days, and 8-30 days post-exposure windows. Prevalence is shown for any -lactam ARG (left)
and CTX-M-15 carriage (right), stratified by infant-level regimen intensity (narrow B-lactam vs
broader/intensive regimens). Carriage was collapsed to infant x window presence/absence, such that an infant
was classified as positive for a given window if the ARG marker was detected in any sample contributing to
that window.

6.4.3 Feeding pattern and clinically prioritised microbiome/resistome markers

6.4.3.1 Association of breastfeeding with a-diversity and total ARG burden at D5, D28 and

D90

Feeding was predominantly breastfeeding-based throughout the first three months, but
WHO-defined EBF was uncommon, with most infants receiving breastmilk as the main feed
while also being given water and/or other supplements (Chapter 4; Figure 4.9; Table 6.1C
for denominators by timepoint). To assess whether EBF was associated with early gut
community diversity and resistome burden, EBF and non-EBF infants (non-EBF combining

High BF and Low no BF) were compared at the scheduled sampling timepoints (D5, D28



and D90) using covariate-adjusted linear regression models (Figure 6.9A—B; Table 6.4), as
prespecified in Section 6.3.3.1. Models adjusted for delivery mode, prior antibiotic exposure

at sampling, sex, gestational age and birthweight.
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Figure 6.9: Adjusted associations of exclusive breastfeeding with microbiome diversity and total

resistome burden.

Points show the adjusted difference between exclusive breastfeeding (EBF) and non-EBF infants (A = EBF-
non-EBF) at D5, D28 and D90 for Shannon diversity (top) and total ARG burden (bottom). Vertical bars
indicate 95% confidence intervals from timepoint-specific linear regression models fitted separately at each
day. Positive values indicate higher outcomes in EBF infants relative to non-EBF infants; the dashed
horizontal line denotes no difference.



At D5, EBF infants had higher Shannon diversity than non-EBF infants (adjusted difference
+0.63, 95% CI +0.22 to +1.05; p = 0.003). At D28 and D90, there was no clear evidence of
a difference in Shannon diversity between feeding groups (Table 6.4). Across all timepoints,
total ARG burden (logl0[total ARG + 1]) did not differ between EBF and non-EBF infants
(Figure 6.9B; Table 6.4), and the early diversity difference observed at D5 was not apparent

at later timepoints.

Table 6.4: Adjusted associations of exclusive breastfeeding with microbiome diversity

and total resistome burden

Outcome Day Contrast Adjusted 95% CI p-value n
estimate

Shannon D5 EBF —non-EBF 0.633 0.218t0 1.049  0.0033 67
Shannon D28 EBF —non-EBF -0.003  -0.447to 0.440 0.988 66
Shannon D90 EBF —non-EBF 0.226 -0.174 t0 0.627  0.263 63
Total ARG D5 EBF —non-EBF 0.012 -0.042 t0 0.065 0.664 67
(log10)

Total ARG D28 EBF —non-EBF 0.013 -0.050 to 0.075  0.686 66
(log10)

Total ARG D90 EBF —non-EBF 0.023 -0.011 to 0.058  0.182 63
(logl0)

Timepoint-specific linear regression models were fitted separately at timepoints to compare EBF)
versus non-EBF for Shannon diversity and total ARG burden. Values are adjusted mean differences
(EBF - non-EBF) with 95% confidence intervals, p-values, and the number of samples included in
each model. Positive estimates indicate higher outcomes in EBF infants relative to non-EBF
infants.



6.4.3.2 Breastfeeding intensity and early microbiome signatures

Because WHO-defined EBF was uncommon and most infants were predominantly breastfed
while also receiving water, breastfeeding intensity was additionally evaluated using the
three-category variable (EBF, High BF, Low no BF; defined in Section 6.3.1). Feeding
group differences were assessed at D5, D28 and D90 using covariate-adjusted linear
regression models with EBF as the reference category and pairwise contrasts across the three
feeding categories (Figure 6.10A—B; Table S6.2), adjusted as prespecified for delivery
mode, prior antibiotic exposure at sampling, sex, gestational age and birthweight. Due to the
small in the Low no BF group (Table 6.1C), these contrasts were underpowered and are

interpreted as exploratory, with results subject to wide confidence intervals.

At D5, infants in the High BF group had lower Shannon diversity than EBF infants
(adjusted difference High BF vs EBF = —0.66, 95% CI —1.07 to —0.24; p = 0.0026). In
contrast, Low_no BF infants did not show clear evidence of a difference from EBF at D5
(—0.31, 95% CI —1.03 to +0.41; p = 0.396), and the High BF and Low no BF groups were
not clearly separated (High BF vs Low no BF =-0.35, 95% CI —0.98 to +0.29; p =0.275).
By D28 and D90, there was no clear evidence of differences in Shannon diversity across
feeding groups, and point estimates did not support a consistent gradient pattern (all p > 0.1;
Table S6.2). Overall, detectable feeding-group separation in a-diversity was confined to the

first postnatal week and did not persist into later infancy.

Across all three timepoints, total ARG burden (loglO[total ARG + 1]) was similar across
feeding categories, with no statistically supported pairwise differences at DS, D28 or D90
(all p>0.1; Table S6.2). Point estimates were close to zero and confidence intervals spanned
modest increases and decreases, indicating that, within this cohort, variation in breastmilk
exposure category did not translate into measurable differences in overall resistome burden

at the scheduled sampling visits.
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Figure 6.10: Adjusted associations of breastfeeding intensity with microbiome diversity and total

resistome burden at scheduled sampling milestones (reference = EBF).

(A) Shannon diversity (species level). (B) Total ARG burden. The dashed horizontal line denotes no
difference from EBF; positive values indicate higher outcomes in EBF relative to the comparison
feeding group (EBF group).

Because Shannon diversity and total ARG burden may be insensitive to breastfeeding-
related taxon shifts, marker genera were additionally examined to assess whether canonical
breastfeeding-associated taxa (particularly Bifidobacterium) and common early-life
pathobiont genera showed evidence of patterning across EBF, High BF and Low no BF
(Figure 6.11). Bifidobacterium increased across infancy in all feeding groups and was

prominent by D90. Early trajectories differed, with an earlier rise apparent in EBF at D3



relative to High BF. The Low no BF group showed a comparatively high median
abundance at D14; however, this estimate was based on a small denominator (n = 5) and is
interpreted descriptively. In contrast, Escherichia showed high relative abundance at birth
across feeding strata, with lower and more similar medians by D28. Klebsiella and
Veillonella displayed episodic elevations that were most evident within the Low no BF
group, including higher Veillonella medians at later timepoints (D28 and D90). Finally,
Bacteroides/Phocaeicola remained low during the first 90 days across feeding groups, with

sporadic peaks consistent with substantial inter-individual variability.

6.4.3.3 Feeding pattern and resistome endpoints

To complement analyses of overall ARG burden, the descriptive prevalence of clinically
relevant ARG markers across infancy was summarised by breastfeeding intensity (EBF,
High BF, Low _no BF) and timepoint (D0-D90). Markers were considered detected when
relative abundance was non-zero, using the study pipeline’s normalised outputs (Chapter 2).
Prevalence estimates (with denominators) are provided in the accompanying table (Table

S6.3), and temporal patterns are shown in Figure 6.12.

Across all feeding strata, aminoglycoside resistance markers were frequently detected from
the earliest timepoints. ANT-family markers showed consistently high prevalence across
infancy, with only modest fluctuation between feeding groups. APH-family markers were
also common throughout follow-up; while prevalence varied by day within each feeding
category, there was no consistent ordering that separated EBF from the two non-EBF groups
across time. AAC-family markers showed greater temporal fluctuation, with lower
prevalence at birth and a more prominent rise in early infancy; however, this did not translate

into a consistent gradient across breastfeeding intensity categories.



For B-lactamase markers, TEM and SHV markers were widely detected across infancy in all
feeding groups. Some timepoint-specific differences were apparent (most notably at the
earliest timepoints, where Low no BF occasionally showed higher prevalence than
predominantly breastfed groups), but these contrasts were not sustained across subsequent
visits. CTX-M-15 was detected in a substantial minority of samples across early life, again
without consistent separation of EBF from High BF and Low no BF across timepoints.
Overall, Figure 6.12 primarily indicates temporal patterning across infancy rather than

persistent between-group separation by breastfeeding intensity for these markers.

Stratified descriptive summaries restricted to caesarean-delivered infants were considered;
however, feeding categories were highly imbalanced within the caesarean subgroup (with
EBF uncommon and Low_no_BF sparse at most timepoints; Table 6.1C), limiting precision

and interpretability.
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Figure 6.11: Longitudinal trajectories of marker genera by breastfeeding intensity across infancy (descriptive)
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Median relative abundance (with interquartile range, IQR) of selected genera is shown across scheduled sampling days, stratified by feeding category:

exclusive breastfeeding, predominantly breastfed with water/supplements (High BF), and low/no breastmilk intake (Low_no_BF). These plots provide an

unadjusted descriptive overview of feeding-related taxon dynamics and highlight temporal patterns and variability across feeding strata.
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Figure 6.12: Prevalence of selected aminoglycoside-resistance gene families and p-lactamase markers
across infancy by breastfeeding intensity (descriptive).

Heatmaps show the percentage of samples with non-zero relative abundance (“detected”) for aminoglycoside
resistance gene families (AAC, ANT, APH) and B-lactamase markers (CTX-M-15, SHV, TEM), stratified by
feeding category. Darker shading indicates lower prevalence within each feeding group x timepoint.
Prevalence estimates are intended as descriptive summaries of temporal patterning and between-group
differences.

6.4.4 Combined exposures and synergy

6.4.4.1 Multi-hit cumulative exposure and CTX-M-15 positive

To characterise how combined early-life exposures relate to acquisition of clinically relevant
ESBL markers, a cumulative “multi-hit” exposure variable was defined as the count of three
exposures: delivery by C-section (fixed), and timepoint-specific antibiotic exposure (any
prior systemic antibiotics by the sampling timepoint) and feeding status (Low_no BF at the
sampling timepoint). The score was categorised as 0, 1, or >2 hits to preserve stability given
sparse 2- and 3-hit strata. CTX-M-15 carriage was summarised across scheduled early visits

(D1-D14) within each multi-hit group as n/N (%) and displayed as a prevalence trajectory



with denominators (Figure 6.13). The early timepoints are presented descriptively because
combined-exposure regression at baseline and during the first week was undermined by

sparse multi-hit strata and incomplete endpoint availability in some strata.

Across D1-D14, CTX-M-15 prevalence increased over time within each exposure stratum.
Apparent differences between multi-hit groups were observed at several early timepoints;
however, estimates for the >2-hit group are based on small denominators at most visits and
are therefore interpreted descriptively. The figure presents the underlying denominators at

each timepoint, highlighting the limited sample sizes in the >2-hit group across early visits.

Expanding the analysis to later timepoints, prevalence was summarised within each multi-
hit group as n/N (%) at each timepoint and is presented alongside model denominators (Table
6.5). These later timepoints were selected for inferential analysis because endpoint
availability was higher than at early visits and the exposure strata were sufficiently populated
to support regression modelling. Observed blactx-m-15 prevalence differed across multi-hit
strata at D28, whereas by D90 between-group differences were smaller and did not follow
the same ordering (Table 6.5). In covariate-adjusted logistic regression models, the
cumulative exposure score showed suggestive evidence of higher odds of blactx-m-15
carriage at D28 (aOR per step 2.55, 95% CI1 0.97-6.70; p = 0.058), while no association was
observed at D90 (aOR per step 0.95, 95% C10.37-2.47; p=0.917) (Table 6.5; Figure 6.14).
Estimates for the >2-hit category should be interpreted cautiously due to the small number

of infants contributing to this stratum.
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Figure 6.13: Early-life CTX-M-15 prevalence by cumulative multi-hit exposure group across D1-D14

(descriptive).

Prevalence of CTX-M-15 carriage is shown across early visits (D1, D3, D5, D7, D14) stratified by a
cumulative multi-hit exposure score defined as the count of: C-section, prior antibiotic exposure by the
sampling timepoint, and low/no breastfeeding status. The score was categorised as 0 hits, 1 hit, or >2 hits.
Points show prevalence (%) within each group at each day, and labels indicate the underlying numerator
and denominator (n/N) assessed per timepoint. Day 0 is excluded due to limited endpoint availability and
non-comparable denominators across exposure strata at birth (including N=0 assessed in the 1-hit group).



Table 6.5: CTX-M-15 carriage by cumulative early-life exposure at D28 and D90

Day 0 hits 1 hit >2 hits Adjusted OR per step p-value Model N Events
(n/N, %) (0/N, %)  (n/N, %) (95% CI) (CTX-M-15)
D28 7/32 8/24 3/5 2.55(0.97-6.70) 0.058 61 18

(21.9%)  (33.3%)  (60.0%)
D90 7/29 6/23 1/7 0.95 (0.37-2.47) 0917 59 14

(24.1%)  (26.1%)  (14.3%)

Values are shown as n/N (%), where N is the number assessed for CTX-M-15 within each exposure
stratum. “Hit” denotes C-section, infant antibiotic exposure, or low/no breastfeeding. Adjusted
ORs are from logistic regression adjusted for sex, gestational age, and birth weight, and represent
the per-step change across the collapsed cumulative exposure score (0/1/>2 hits). Model N
indicates complete cases included in the adjusted model.

Model-based predicted risk of CTX-M-15+ Entercbacterales
by accumulated early-life risk factors

028 (]

Adpusted probability of QTX-M-15 carriage

24 k
Multi-fit group (0, 1, 2+ hits)

Figure 6.14: Model-based predicted probability of CTX-M-15 carriage at D28 and D90 by
cumulative multi-hit exposure group.

Points show the adjusted predicted probability of CTX-M-15 carriage at D28 (left) and D90 (right)
across cumulative multi-hit exposure categories (0, 1, >2 hits), derived from timepoint-specific
logistic regression models. The multi-hit score was defined as the count of C-section, prior antibiotic
exposure , and low/no breastfeeding status, collapsed to 0/1/>2 to preserve stability.



6.4.4.2 Targeted effect modification at D28: antibiotics and delivery mode

To assess whether antibiotic exposure and delivery mode jointly patterned ESBL-related
carriage at D28, prevalence was summarised in a two-way stratified table by delivery mode
(C/S vs vaginal) and antibiotic exposure (Yes vs No). Results are presented descriptively as
n/N (%) because antibiotic-exposed denominators were small within delivery-mode strata

and formal interaction modelling would be unstable.

For CTX-M-15 carriage, prevalence was higher among C-section infants than vaginally
delivered infants within both antibiotic strata (C/S: 7/12 without antibiotics and 3/5 with
antibiotics; vaginal: 7/35 without antibiotics and 1/9 with antibiotics), although estimates in
the antibiotic-exposed cells are based on small denominators. The same stratified
comparison using the broader ESBL composite (Any ESBL marker) showed similarly higher
carriage among C-section than vaginally delivered infants across antibiotic strata (C/S: 9/12
without antibiotics and 5/5 with antibiotics; vaginal: 20/35 without antibiotics and 4/9 with

antibiotics) (Table 6.6).



Table 6.6: Prevalence of CTX-M-15 carriage and a composite ESBL marker outcome

at Day 28, stratified by delivery mode and infant antibiotic exposure.

Values are n/N (%)

Antibiotics: Antibiotics:
Outcome Delivery mode No Yes
CTX-M-15 C/S 7/12 (58.3%)  3/5(60.0%)
CTX-M-15 SVD 7/35 (20.0%) 1/9 (11.1%)
Any  ESBL
marker C/S 9/12 (75.0%) 5/5 (100.0%)
Any ESBL
marker SVD 20/35 (57.1%) 4/9 (44.4%)

Prevalence is presented as n/N (%) for CTX-M-15 and for any ESBL marker, stratified jointly by
delivery mode (C-section [C/S] vs spontaneous vaginal delivery [SVD]) and prior antibiotic
exposure by the D28 sampling timepoint (Yes/No). Results are reported descriptively to reflect
sparse denominators in some strata, particularly among antibiotic-exposed infants within delivery-
mode groups.



6.5 Discussion

Diet, antibiotic exposure, and mode of delivery are widely recognised as key modulators of
early gut microbiome colonisation, with potential implications for immune priming and
vulnerability to infection in infancy (Tamburini et al., 2016; Bokulich ez al., 2016). A central
unresolved question is whether such early perturbations are transient, restricted to the first
weeks of life, or whether they persist into later infancy (Korpela et al., 2016, 2020),
particularly in settings with high background microbial and antimicrobial exposure. This
chapter therefore examined how mode of delivery, infant antibiotic exposure, and
breastfeeding intensity shape early gut microbiome and resistome development in Nigerian
infants born in hospital, and whether these exposures combine to concentrate clinically

important B-lactam resistance markers, including blacrx-m-15.

Across the first three months of life, these findings are characterised by (i) perinatal seeding
and early selection of colonising microbial taxa and their associated ARGs during the first
weeks of life, followed by (ii) rapid convergence of global microbiome and resistome
metrics by around three months (Table 6.2; Figs 6.2—6.3; Fig 6.6). In this cohort, delivery
mode, likely acting as a proxy for a bundle of perinatal exposures including microbial
transfer pathways and hospital contact, was the primary early driver across a-diversity,
community composition, and colonisation by selected taxa (Table 6.2; Figs 6.2—6.3; Table
6.3). By contrast, infant antibiotics and breastfeeding intensity showed weaker and less
uniform associations with global endpoints, consistent with heterogeneity in exposure
timing and with the possibility that the clinically relevant ARGs may be acquired very early
and then persist (Table 6.2; Fig 6.5-6.6; Fig 6.8; Fig 6.10). However, the multi-hit analyses
further suggest that high-priority ESBL markers disproportionately accumulate under
stacked early-life exposures by the end of the neonatal period, even when individual factors

show modest associations with global metrics (Fig 6.13-6.14; Tables 6.5-6.6).



6.5.1. Delivery mode: early signatures with rapid convergence

Mode of delivery was the primary early driver of gut community development in this cohort.
In adjusted models at scheduled milestones, C-section was associated with lower Shannon
diversity at D5 and higher total ARG burden at D5 and D28, with no significant difference
observed by D90 (Section 6.4.1; Methods in Section 6.3.2). Delivery mode also explained a
modest but detectable proportion of microbiome compositional variation at D5 (R?>=0.062,
p=0.001) and D28 (R*=0.056, p=0.002), with attenuation by D90 (R>=0.016, p=0.363),
while resistome composition showed the strongest and most consistent separation in the
early neonatal period (Section 6.4.1.2). These community metrics were mirrored in taxon-
level findings consistent with altered early seeding and succession: C-section was associated
with reduced colonisation by obligate anaerobes implicated in early-life maturation
(including Bifidobacterium longum and Phocaeicola vulgatus at D5), alongside transient
enrichment of several opportunistic or hospital-associated taxa, although estimates for some
taxa were imprecise (Section 6.4.1.3; Figure 6.4; Table 6.3,). Overall, the findings support
the interpretation that delivery mode shapes the initial conditions of community assembly in
the first postnatal week and contributes to early resistome burden and structure, with
attenuation of delivery-mode differences in community metrics by around three months. The
corresponding infant-level stacked-bar profiles (C/S vs SVD across all scheduled days) are

provided in Appendix A.3, Figure S6.1.

Our findings mirror the 'stunted' early gut profiles identified in the UK Baby Biome Study
(Shao et al., 2019), characterised by a loss of commensals, specifically Bifidobacterium and
Bacteroides/Phocaeicola, and an enrichment of opportunistic taxa. Mechanistically,
evidence suggests that a critical feature of the "caesarean signature" is reduced maternal

gut/rectal strain transfer, often reflected in delayed or absent Bacteroides/Phocaeicola



acquisition, rather than vaginal canal exposure alone (Ferretti et al., 2018). The low
prevalence of Phocaeicola and Bacteroides observed in this cohort is consistent with this
evidence and reinforces the view that caesarean delivery disrupts early vertical transmission
and succession. In interpreting the binary C-section contrast in the present cohort, an
important nuance is that C-section delivery represents a composite exposure rather than a
single mechanism. Elective and emergency caesarean pathways differ in labour exposure,
membrane rupture, early contact patterns, and antibiotic practices, which can alter early
microbial transfer (Mitchell et al., 2020). As a result, our single C-section indicator likely
masks specific effects of elective versus emergency deliveries, contributing to imprecision

in certain taxon-level findings.

From a clinical perspective, early depletion of obligate anaerobes alongside the transient
enrichment of opportunistic taxa indicates a temporary “window of vulnerability”, during
which colonisation resistance and community stability are reduced. This window coincides
with the neonatal period, the time of highest risk for invasive bacterial infections, including
sepsis (Okomo et al., 2019). In this cohort, the duration and impact of this vulnerability may
be shaped by the surrounding environment. In the Nigerian setting, where constraints in
WASH infrastructure and high microbial contact increase colonisation pressure (Edefo,
2025; WHO and UNICEF, 2024), environmental acquisition could act as a partial “leveller”.
While this accelerates the convergence of overall metrics across delivery-mode, it likely
reflects a high-exposure environment where persistent strain-level differences, such as
clinically relevant markers, remain hidden beneath broad community-level metrics

(Béckhed et al., 2015; Shao et al., 2019).



6.5.2 Timing dependence and the neonatal window

A central pattern across the chapter is strong timing dependence. The associations with mode
of delivery, antibiotic exposure, and feeding are most pronounced in the first weeks of life,
with attenuation by the third month of life. This trajectory implies a narrow developmental
window of peak sensitivity followed by rapid convergence in broad community measures.
Such age-structured maturation is consistent with large-scale studies showing that early
differences in "initial conditions" narrow as infants are colonised from broader maternal and

household sources (Shao et al., 2019; Stewart et al., 2018).

However, the attenuation of community-level metrics, such as Shannon diversity or total
ARG burden, does not necessarily indicate biological "recovery." These measures are
aggregate summaries that can mask persistent differences in strain dominance or the
genomic context of resistance genes (Bargheet et al., 2025; X. Li et al., 2024b). Convergence
in diversity can coexist with meaningful differences in specific colonisers or prioritised
resistance markers, which remain clinically relevant regardless of overall community

structure.

6.5.3 Infant antibiotics: modifiers of an already-seeded resistome

Across the chapter, infant antibiotic exposure did not generate a uniform, cohort-wide step
change in Shannon diversity or total ARG burden (Section 6.4.2). This pattern is best
interpreted as biologically informative rather than a null result, driven by two plausible
features of early-life microbial ecology. First, heterogeneity in timing and regimen intensity
dilutes average effects in summary metrics. Antibiotic initiation occurred at variable
postnatal ages with diverse spectra of activity; where perturbations are time-limited,

characterised by acute disruption followed by partial recovery, pooling infants at different



points on this curve will naturally attenuate the mean contrast (Korpela et al., 2020). This
interpretation is consistent with evidence from community cohorts in high-exposure settings,
where antibiotic-associated shifts were found to be moderate and transient (Yassour et al.,

2016) compared to intensive-care contexts (Gasparrini et al., 2019; Gibson et al., 2016).

Second, the windowed analyses suggest that, in this setting, antibiotics often act more as a
modifier of an already-seeded resistome rather than as a singular "starting point" for AR
acquisition. The observation that blacrx-m-15 was frequently detectable prior to the first
recorded antibiotic exposure (Section 6.4.2.3; Figure 6.8) implies that antibiotic pressure is
selecting within a community that already contains clinically relevant markers. This aligns
with the "pre-established resistome" hypothesis (X. Li et al., 2023; Yassour et al., 2016),
demonstrating that infants in high-burden environments acquire resistance determinants
extremely early via maternal and household reservoirs. It is also compatible with evidence
that greater antibiotic intensity is required to suppress protective anaerobes and significantly

alter community structure (Gibson et al., 2016).

A practical implication is that antibiotic stewardship remains necessary but may be
insufficient to prevent early ESBL carriage if acquisition is primarily perinatal or
environmental. In such contexts, stewardship must be paired with broader infection IPC and
WASH-related interventions to reduce background colonisation pressure. This point is
particularly relevant in the Nigerian setting, where high rates of peripartum maternal
antibiotic use (84/87 mothers; Chapter 4) and constraints in hospital WASH infrastructure
create sustained selection pressure during the critical neonatal window. Methodologically,
these findings motivate the prioritisation of sensitive, high-resolution endpoints, such as
specific blactx-m-15 carriage or gene-context measures, rather than relying solely on
summary measures like Shannon diversity or total ARG burden to evaluate antibiotic-

associated change.



6.5.4 Risk stacking: cumulative exposures and ESBL marker clustering

A further integrative signal from this chapter is that clinically prioritised f-lactamase marker
carriage clusters under stacked early-life exposures, consistent with "risk stacking" rather
than single-cause determinism (Section 6.4.3). Using a cumulative multi-hit score
(caesarean delivery, prior infant antibiotics, and low/no breastfeeding), early blactx-m-15
trajectories suggested increasing separation by exposure burden across the first two postnatal
weeks, although sparse denominators, particularly in the >2-hit stratum, necessitate
descriptive interpretation at these earliest visits (Figure 6.13). By D28, blactx-m-15
prevalence showed a graded pattern across 0-, 1-, and >2-hit strata, and the adjusted per-step
estimate was directionally consistent with higher odds of carriage, albeit with borderline
statistical support and limited precision driven by the small >2-hit group (Table 6.5). By
D90, the gradient was not maintained, suggesting that stacking effects may be most
detectable during the end-of-neonatal-period window rather than later infancy (Table 6.5;

Figure 6.14).

Conceptually, the multi-hit score is best interpreted as a pragmatic proxy for convergent
pathways: (i) disrupted vertical transmission and early hospital contact (delivery mode), (ii)
selection pressure (antibiotics), and (iii) reduced successional support for protective
anaerobes (feeding intensity). In a high-exposure setting where community-level metrics
converge quickly, this combined-exposure framing can be more clinically informative than
any single modulator analysed in isolation. This aligns with recent evidence demonstrating
that the infant gut is shaped by a combination of overlapping maternal and environmental
seeding routes, where the disruption of one pathway can be compounded by the absence of
others (Bogaert et al., 2023). The approach employed here, treating risk factors as additive

units to determine if a dose-response relationship exists between the number of exposures



and the likelihood of blactx-m-15 carriage, has been validated for assessing cumulative

comorbidities in infectious disease risk and stratifying patient vulnerability.

Clinically, the implication is not that the present multi-hit score is implementation-ready, but
that simple cumulative risk stratification could be developed and validated to target
enhanced IPC, prioritised screening, and follow-up for infants most likely to concentrate
high-risk B-lactamase markers during the neonatal window. This claim should be paired with
a clear caution that small cells (particularly >2 hits) and correlated care pathways require
replication and external validation before translation into policy. Nevertheless, the findings
suggest that interventions intended to shift colonisation trajectories or reduce carriage of
high-risk resistance markers are most plausibly time-sensitive. By around three months,
summary measures are less discriminating; therefore, risk stratification and evaluation of
intervention effects may need to focus on the neonatal window and prioritise higher-
resolution endpoints, such as B-lactamase/ESBL-associated marker carriage (e.g., blactx-m-
15) and, where feasible, gene-context or host-association measures, rather than relying solely

on summary diversity or aggregate ARG burden.

6.5.5 Synthesis and implications

This chapter demonstrates that early-life modulators, particularly delivery mode, shape
initial gut microbiome and resistome assembly in Nigerian infants, but that these effects are
most detectable during the neonatal period and attenuate in summary metrics by three
months. The neonatal window emerges as a critical period of vulnerability, during which
perturbations to vertical transmission, antibiotic selection pressure, and feeding patterns can
concentrate clinically prioritised resistance markers. In this high-exposure setting, where

universal early ARG seeding (Chapter 5) and high peripartum antibiotic use create sustained



colonisation pressure, interventions targeting the neonatal period, including enhanced IPC
at the maternal-infant interface, WASH improvements, and rational antibiotic use, may offer
the greatest opportunity to reduce carriage of therapy-relevant resistance determinants.
These findings inform the intervention strategies and conceptual framework discussed in

Chapter 7.



Chapter 7: General discussion
7.1 General Overview

The human microbiome is fundamental to health, serving as a critical interface between host
physiology and the external environment. In early life, the developing gut microbiome plays
an essential role in immune education, metabolic programming, and bacterial colonisation
(Arrieta et al., 2014; Wampach et al., 2018). The first months of life represent a dynamic period
of microbial assembly, during which pioneer colonisers establish communities that shape both
immediate and long-term health outcomes (Béckhed et al., 2015; Stewart et al., 2018). This
process is not merely taxonomic succession but involves complex microbe-immune crosstalk
that calibrates inflammatory responses, programs innate immune cells, and establishes
tolerance pathways (Gensollen et al., 2016; Thaiss et al., 2016) . Perturbations during this
critical window, whether through antibiotic exposure, delivery mode, feeding, or
environmental factors, can have lasting consequences for immune development and disease

susceptibility (Tamburini et al., 2016).

In LMIC settings, the early-life microbiome development is shaped by distinct contextual
realities. Higher infectious disease burdens, variable access to healthcare, diverse hygiene
practices, and different patterns of antibiotic availability influence both microbial colonisation
and the acquisition of AMR determinants (Gough et al., 2014; Yassour et al., 2016). Infants in
these settings frequently carry clinically important ARGs from birth, even in the absence of
direct antibiotic exposure (Carvalho et al., 2022; Shao et al., 2019). This early AMR
colonisation reflects transmission from maternal, healthcare-associated, and environmental
reservoirs, establishing a resistome that may persist and expand during subsequent microbial

maturation (Gosalbes et al., 2016; K. Parndnen et al., 2018). Yet despite the global health



importance of understanding these dynamics, longitudinal metagenomic data from African

infant cohorts remain limited.

My thesis applied longitudinal metagenomic profiling to a Northern Nigerian infant cohort
with daily sampling in the first week, and to our knowledge, is the first study comprising
temporal resolution throughout the neonatal period, concurrently characterising the co-
development of both the microbiome and resistome (Chapter 4). Analysis of the infant stool
samples revealed dynamic temporal shifts in bacterial community structure where bacterial a-
diversity was lowest at birth (Shannon median ~1.0, often reflecting single-genus dominance)
and increased progressively through the first postnatal week, albeit characterised by high inter-
infant heterogeneity and no sustained linear increase through day 90 (Chapter 5, Figure 5.1).
B-diversity patterns demonstrated that infant’s age explained only a modest proportion of
community variance (R? = 0.122,p= 0.001). While distinct differences in microbial
composition based on delivery mode were detectable early (day 5: R* = 0.062, p = 0.001; day
28: R? = 0.056, p = 0.002), these disparities attenuated by day 90 (R* = 0.016, p = 0.363)
(Chapter 6, Section 6.4.1). This temporal convergence of the infant gut microbiota aligns with
observations by Matharu et al., (2022) (a subset of the HELMi birth cohort), who documented
decreased B-diversity with age and convergence toward adult-like profiles; however, the
Matharu et al. cohort showed persistent birth-mode signatures extending to 12 months, a longer
duration than the attenuation of these differences observed here by D90. In contrast to studies
from Western cohorts reporting delivery mode effects persisting for 2 years (Matharu et al.,
2022; Patangia, Grimaud, O’Shea, et al., 2024b), my study suggests more rapid compositional

convergence in the first three months.

Taxonomic composition showed early dominance by facultative anaerobes, with Proteobacteria
(particularly Escherichia and Klebsiella) prominent in the first week, followed by increasing

representation of obligate anaerobes over subsequent weeks (Chapter 5, Section 5.4.1.1). The



prominence of Escherichia and Klebsiella as primary hosts for clinically prioritised ESBL
markers in this cohort, taxa that are also the leading causes of neonatal sepsis in West Africa
(Meiring et al., 2025; Niyoyita et al., 2024), provides novel insight into the clinical relevance
of early succession dynamics (Grant-Beurmann et al., 2022) in resource-limited settings where

comparable longitudinal metagenomic data remains limited (Abdill et al., 2022).

Complementing these microbiome dynamics, resistome profiling revealed that ARGs relevant
to first-line antimicrobial classes for the treatment of neonatal sepsis were detected almost
immediately after birth, with dual f-lactam and aminoglycoside carriage ubiquitous by the end
of the first postnatal week (Chapter 5, Section 5.4.4). ARG richness (logio distinct ARG
features) peaked in the first week (D0-D7) before declining modestly at later timepoints, whilst
ARG Shannon diversity showed an inverse temporal pattern: highest at birth (mean
approximately 3.3-3.6 at D0-D7), then declining significantly by day 28 (mean ~2.7) and
stabilising through day 90 (mean ~2.8) (Chapter 5, Figure 5.4). Whilst previous work has
documented age-associated declines in overall ARG burden and diversity across the first 14
months (Samarra et al., 2024), this study’s focus on the 0-90 day window reveals a more
nuanced pattern: ARG diversity peaks very early and then declines as the bacterial community
structure matures, yet specific high-priority ESBL markers, particularly blactx-m-
15 in Escherichia and Klebsiella, persist even as overall resistome diversity contracts. This
finding has important implications for targeting early interventions, as it suggests that global

resistome metrics may mask the persistence of clinically actionable threats.

Four distinct phases emerged from longitudinal analysis, providing a framework for

understanding early-life AMR acquisition in this cohort:

e Phase 1: Immediate seeding (DO0-D7). Characterised by detection of resistance

determinants from birth, near-universal dual B-lactam and aminoglycoside resistance



carriage by day 7, high ARG richness and diversity, Proteobacteria dominance,
significant delivery-mode divergence; specifically, Caesarean-born infants exhibited a
distinct resistome signature with higher initial ARG richness compared to vaginally-

born infants (resistome: R>=0.078, p = 0.001 at day 1; R?=0.059, p=0.001 at day 5).

o Phase 2: Early selection (D7-D14). Marked by persistent delivery-mode differences
which are compounded by early antibiotic signatures on resistome composition (R? =
0.050, p = 0.003 at day 7), establishment of multi-class resistance patterns in a large

fraction of infants and beginning of taxonomic turnover towards obligate anaerobes.

o Phase 3: Succession and consolidation (D14-D28). During which ARG diversity
declines significantly (Shannon drops from ~3.6 to ~2.7) and bacterial diversity begins
to stabilise. Notably, delivery-mode effects on resistome composition persist and
account for an increasing proportion of variance (R? = 0.099, p = 0.002 at day 28) even
as microbiome composition between delivery groups begins to converge. Critically, the
persistence of blactx-m-15 serves as a more clinically relevant predictor of sustained

AMR carriage than the broad diversity metrics.

e Phase 4: Reservoir stabilisation (D28-D90). Where community structure stabilises, [3-
diversity convergence is nearly complete (no delivery-mode effect by day 90: R* =
0.016, p= 0.363), ARG diversity plateaus (Shannon ~2.8), but resistant strains,
particularly blactx-m-15-positive Enterobacteriaceae, remain detectable in a minority of

infants.

This phased framework provides a finer temporal resolution during the critical first three
months, when exposure-associated differences are most prominent and when empiric antibiotic

treatment regimens are most likely to be deployed.



Critically, exposure-associated differences, including delivery mode, early antibiotic
administration, and feeding practices, exerted their strongest observable effects during Phases
1-2, with progressive attenuation by Phase 4 as microbiome diversity converged (Chapter 6,
Figures 6.2-6.3). However, whilst community-level diversity metrics showed increasing
overlap across time, the persistence of specific high-priority AR markers provided a more
sensitive indicator of sustained colonisation risk. At day 28, the consolidation point where ARG
diversity has declined and community structure is stabilising, a cumulative multi-hit exposure
score (including caesarean delivery, prior antibiotic exposure, and low/no breastfeeding)
showed evidence of an association with blacrx-m-15 carriage (adjusted odds ratio per step 2.55,
95% confidence interval 0.97-6.70; p = 0.058), with model-predicted carriage probabilities
rising from 22% (0 hits) to 38% (1 hit) to 62% (=2 hits), though this association attenuated by
day 90 (Chapter 6, Table 6.5; Figure 6.14). This observation between overall diversity metrics
and specific risk markers has rarely been explored in prior resistome studies. My study
contributes to a crucial insight: in high-exposure settings where global diversity scores rapidly
converge, analysing clinically prioritised AR markers offers more actionable risk information

than relying on diversity indices alone.

This general discussion is organised to address three central questions arising from these
findings. First, how do contextual realities in LMIC settings structure the exposure landscape
that drives early AMR acquisition? (Section 7.2). Specifically, how does colonisation pressure
(Section 7.2.1) and trajectories of microbiome development (Section 7.2.2) interact to produce
the observed patterns? Second, what mechanisms link specific exposures to observable patterns
of resistome development, and where along this pathway can interventions be
targeted? (Section 7.3). This includes examining delivery pathways and the immediate
postnatal environment (Section 7.3.1), selection pressure from antibiotics (Section 7.3.2),

microbial maturation under realistic feeding and hygiene constraints (Section 7.3.3), and the



clinical utility of marker persistence signals (Section 7.3.4). Third, what does persistence of
clinically prioritised markers reveal about reservoir formation and future infection risk? By
synthesising findings across maternal carriage, delivery pathways, antibiotic exposure, and
microbiome maturation, this discussion identifies high-leverage intervention points whilst
maintaining a clear distinction between colonisation and clinical infection. The chapter
concludes by proposing a data-driven conceptual framework (Section 7.6) that integrates these
insights to guide future interventional research aimed at reducing early-life AMR burden in

resource-limited settings, followed by key conclusions and take-home messages (Section 7.7).

7.2 How Exposure Shapes Early-Life AMR Acquisition

The concept of the 'exposome', defined by Wild, (2012) as the totality of environmental
exposures from conception throughout life, provides a useful notion for understanding how
contextual realities shape early-life microbial assembly. Ayeni et al. (2022) adapted this concept
for African infant cohorts, noting that "data on microbiome-exposome interactions is lacking
in African cohorts". This thesis cohort begins to address this gap by providing high-resolution
temporal data on how the urban West African environment, characterised by high infectious
disease burden, high post-partum antibiotic use, variable antibiotic access, and diverse cultural

practices, shapes early-life microbial and resistome assembly.

7.2.1 Colonisation pressure in resource-limited settings

Most mechanistic descriptions of early-life microbiome and resistome development derive
from HIC birth cohorts (Bédckhed et al., 2015; Shao et al., 2019; Stewart et al., 2018), where
household sanitation standards constrain exposure intensity. In this present cohort, infants enter

a high-contact microbial environment in which colonisation and selection pressures are



sustained from birth. When antibiotic exposure is intense and continuous, the marginal signal

of any single modulator may appear weaker across time.

The intensity of colonisation pressure is quantified by time-to-first-detection curves (Chapter
5, Figure 5.8). Whilst longitudinal resistome studies have documented ARG presence at
monthly or weekly intervals (Gibson et al., 2016; Samarra et al., 2024; Yassour et al., 2016), to
our knowledge, no published cohort has used survival analysis methods to quantify acquisition
rate with daily sampling resolution (D0, D1, D3, D5, D7) in the immediate neonatal period.
Kaplan-Meier estimates reveal that 10% of infants carry B-lactam or aminoglycoside ARGs at
birth, rising to 50% by day 3 and 90% by day 7. Dual B-lactam and aminoglycoside resistance
carriage reaches 75% by day 7, plateauing near 95% by day 14. This dramatic early acquisition
contrasts with the assumption in many HIC cohort studies that ARG accumulation is gradual
and primarily driven by postnatal antibiotic exposure (Guo et al., 2020; Stearns et al., 2017,
Wu et al.,, 2024). The 10% baseline carriage at birth and near-universal dual antibiotic
resistance by day 14 strongly suggests that environmental and vertical transmission pathways
dominate early resistome assembly in this high-exposure setting, with infant-level selection

pressures acting on an already ARG colonised baseline.

Birth mode shapes the newborn's earliest contact network. In this cohort, delivery mode was
associated with significant differences in both taxonomic and resistome composition during the
first month. For the microbiome, mode of delivery explained 6.2% of between-infant variation
at day 5 (R? = 0.062, p = 0.001), persisting at day 28 (R? = 0.056, p = 0.002), but with no
evidence of effect by day 90 (R* = 0.016, p = 0.363). The resistome showed similar patterns:
day 1 (R*=0.078, p=0.001), day 5 (R*=0.059, p = 0.001), day 28 (R? = 0.099, p = 0.002),
attenuating by day 90 (R? = 0.024, p = 0.113). Caesarean delivery was associated with lower
Shannon diversity at day 5 (adjusted difference —0.665, p < 0.001) and higher total ARG

burden at days 5 and 28 (Chapter 6, Table 6.2).



This temporal population convergence contrasts with European cohorts where birth-mode
signatures persist beyond the first year (Matharu et al., 2022; Patangia, Grimaud, Wang, et al.,
2024). The more rapid convergence by day 90 potentially reflects high environmental microbial
exposure, diverse feeding practices including prelacteal traditions, or overwhelming
background AMR colonisation pressure that progressively dilutes the marginal contribution of

birth-mode-associated seeding.

The healthcare facility environment shapes initial exposure, particularly for C-section infants
who experience longer facility stays. Many healthcare facilities in low-resource settings lack
consistent hand hygiene and reliable waste management (UNICEF & WHO, 2023, 2021).
Studies from HIC settings demonstrate that hospital birth increases colonisation by
Proteobacteria and opportunistic taxa (Guo et al., 2020; Stearns et al., 2017). The present cohort
exhibits similar pattern of opportunistic pathogen enrichment but sustained by facility-level
constraints and prolonged exposure to the hospital environment. C-section reflects not only
surgical delivery, but also longer facility stays and greater cumulative contact with healthcare-
associated microbial reservoirs (Shao et al., 2019), explaining why C-section differences are
largest in the early time period (days 1-7) but attenuate as household and community-level

microbial exposure dominates.

Antibiotic exposure may be embedded within the postpartum period. In this cohort, postpartum
maternal antibiotic prescription was universal (87/87 mothers); however, actual exposure
occurred in 84/87 cases, with the remaining three mothers unable to fulfil the prescription due
to affordability constraint. Comparative data from HIC settings suggest maternal antibiotic use
is typically 20-40% for C-section prophylaxis and less than 10% for uncomplicated vaginal
delivery. In high-burden environments where postpartum infection risk and diagnostic

uncertainty are salient, antibiotics function as routine risk-management tools, sustaining



selection pressure during the same neonatal window in which infant colonisation is being

established.

Following discharge, colonisation pressure is heavily influenced by household and community
exposure networks. Chapter 4 discusses the impact of dense household contact and frequent
proximity to environmental contamination. WASH constraints are substantial: the Northwest
zone has among the lowest access to improved sanitation nationally, with substantial open
defecation prevalence and low per-capita water availability constraining hand hygiene (Eliana
Drakopoulos, 2020). These constraints reflect structural inequities rather than individual
choices. Recent evidence highlights strong associations between environmental pollution and
ARG proliferation, with sewage-contaminated water, soil, and arthropod vectors acting as
AMR reservoirs and carriers (Anand et al., 2021; Chatzigiannidou et al., 2025; Cook et al.,
2025). Culturally patterned neonatal contact points, such as Qur'anic water administration and
close-contact caregiving, cluster in the same neonatal period in which acquisition signatures
are most detectable (Chapter 4). Collectively, these findings justify treating repeated exposure
as a plausible default and explain why downstream stewardship alone may have limited

leverage if the upstream environmental resistome remains unaddressed.

7.2.2 Trajectories of microbiome development

Early and regular sampling/observation provides the most reliable framework for interpreting
early-life signals. Rather than a stable baseline interrupted by modulators, infancy is defined
by rapid, age-structured succession. The TEDDY study (Stewart et al., 2018) followed 903
infants with monthly sampling from 3 to 46 months, documenting progressive diversification
and declining Proteobacteria, with initial delivery-mode differences becoming progressively

harder to distinguish as the microbiome matured. My study utilises these checkpoints to capture



these dynamics: DO0-D7 (acquisition and divergence); D7-D14 (early selection); D28
(consolidation, end of neonatal period); and D90 (convergence). Early seeding events exert
disproportionate influence on all subsequent trajectories (Bickhed et al., 2015; Dominguez-

Bello et al., 2010).

DO0-D7: Acquisition and divergence. Differences driven by initial exposures are most
apparent during the first postnatal week. Taxonomic composition is characterised by
dominance of facultative anaerobic Proteobacteria, particularly Escherichia and Klebsiella
(Chapter 5). In C-section infants, Escherichia comprised 50-100% of relative abundance at day
0, with substantial Klebsiella representation. Vaginally delivered infants also showed
Escherichia dominance but with greater Bacteroides representation and, critically, the earlier
presence of Bifidobacterium. A striking observation is the near-complete absence of
Bifidobacterium in caesarean-section infants during days 0-7, with first appearance at day 14,

resulting in an extended Proteobacteria-dominant phase.

This delayed Bifidobacterium colonisation is consistent with HIC observations: vaginally born
infants show 21% Bifidobacterium carriage on day 1, rising to 64% by day 7, whilst C-section
infants exhibit delayed expansion with catch-up by 8-12 weeks (Guo et al., 2020; Hill et al.,
2017; Saturio et al., 2021). However, the near-complete absence at days 0-7 in C-section infants
in this study suggests a more pronounced delay, potentially reflecting compounded effects of

facility exposure, maternal antibiotics, and prelacteal feeding.

The clinical significance of these observations lies in Bifidobacterium's role in colonisation
resistance and immune education. The extended Proteobacteria-dominant phase (days 0-14)
represents a vulnerability window during which Enterobacteriaceae carrying ESBL markers
can establish stable carriage. This is supported by C-section infants having higher total ARG

burden at day 5 and 28 (Chapter 6), with Escherichia and Klebsiella, the dominant genera



during this window, being primary hosts for blactx-m-15 and leading causes of neonatal sepsis

in West Africa (Grant-Beurmann et al., 2022).

D7-D14: Early Selection and Persistence. The period from D7-D14 is marked by early
selection pressure. The gut environment becomes less permissive due to competition from early
anaerobes and declining oxygen tension. This pressure determines whether early colonisers
persist into stable carriage states or decline. The delayed Bifidobacterium colonisation in C-
section infants allows the initial ARGs acquired in the first week to consolidate their niche,

reinforcing the interpretation that seeding precedes selection.

D28: Consolidation and Persistence. By four weeks, early colonisers either persist into stable
carriage states or decline as the gut becomes less permissive. Day 28 is best interpreted as a
consolidation checkpoint rather than a delayed acquisition start. The maturation trajectory,
rising Bifidobacterium and reduced Enterobacteriaceae, provides biological evidence for why
persistence, rather than acquisition, differentiates infants at this stage (Chapter 5). Biological
mechanisms include declining gut oxygen tension favouring obligate anaerobes, breast milk
oligosaccharides supporting Bifidobacterium, immune maturation strengthening colonisation

resistance, and competition from anaerobes suppressing Proteobacteria (Milani et al., 2017).

The risk-stacking analysis, representing a cumulative risk of environmental and clinical
exposures, shows a graded pattern of blacrx-m-15 carriage by cumulative exposure at day 28
(adjusted odds ratio per step 2.55, 95% confidence interval 0.97-6.70; p = 0.058), with
predicted probabilities rising from 22% (0 hits) to 62% (>2 hits) (Chapter 6). This graded
pattern suggests that whilst ARG diversity declines (Shannon drops from ~3.6 at days 0-7 to
~2.7 at day 28), specific high-priority markers persist in subsets of infants with cumulative
exposure burdens. The TEDDY and INFANTMET cohorts documented consolidation phases

at similar timelines (Hill et al., 2017; Stewart et al., 2018), but my cohort shows that resistome



compositional differences persist longer (R? = 0.099, p = 0.002 at day 28) than microbiome
differences, suggesting that the resistome consolidation lags microbiome convergence. This
comparison reveals a key finding: in settings with high environmental exposure, broad
measures of microbiome structure become very similar across the cohort early in life. Because
these diversity indices no longer show differences between individuals, they cannot be used to
distinguish between high- and low-risk infants. Instead, detecting specific antibiotic resistance
markers provides a clearer way to identify which infants are at risk, offering a more practical

tool for clinical monitoring than general diversity scores.

D90: Attenuation and Convergence. By three months, exposure-linked contrasts are less
distinct on community-wide metrics, with no evidence of delivery-mode effect on microbiome
composition (R? = 0.016, p = 0.363). This attenuation does not invalidate earlier signals but
reinforces that later infancy compresses between-group microbiome structures because of
shared maturation constraints and repeated common exposures reduce the visibility of earlier
differences. One interpretation is that reduced separability on diversity endpoints, not 'recovery’
as suggested by earlier studies (e.g., Stearns et al., 2017), alongside marker-level carriage,

remains informative for subsets of infants.

This faster convergence contrasts with European cohorts where birth-mode signatures persist
to 12-24 months (Matharu et al., 2022; Patangia, Grimaud, Wang, et al., 2024). The more rapid
convergence potentially reflects: (i) high environmental exposure overwhelming the signal of
vertical transmission; (ii) diverse feeding practices introducing common exposures; (iii)
background AMR pressure reducing visibility of modulator-specific effects; and (iv) shared
biological maturation processes operating across all infants. Whilst diversity metrics converge,
marker-level persistence continues. blactx-m-15 carriage remains detectable in a minority of
infants at day 90, and the multi-hit exposure association attenuates (aOR 0.95, p = 0.917),

suggesting a baseline colonisation pressure overwhelms the marginal signal of individual



modulators by three months. However, the subset maintaining high-ESBL carriage may
represent a persistent reservoir with implications for subsequent infection risk. This divergence
between overall community stability and specific marker persistence shows why it is important
to track individual ARG, rather than relying on general diversity scores, in high-exposure

settings.

7.3 From Mechanisms to Action: Identifying Pathways to Reduce AMR Colonisation

Early-life AMR colonisation is a clinically significant determinant of neonatal risk of invasive
infection. Gut carriage of ESBL-producing Enterobacteriaceae establishes an endogenous
reservoir from which invasive infections can arise. In a Malawian mother-infant cohort,
neonates whose mothers carried ESBL-producing Enterobacteriaceae were significantly more
likely to develop sepsis, with colonisation preceding invasive disease in numerous cases (Igbal
et al., 2024; Pearse et al., 2025; Schwartz et al., 2023). Studies from different settings report
that ESBL carriage in early life is associated with increased risk of ESBL-producing Gram-
negative bloodstream infections, with case-fatality rates exceeding 30% in some neonatal
sepsis cohorts (Carvalho et al., 2022; Cornick et al., 2021; Labi et al., 2020; Musicha et al.,
2017; Shao et al., 2019). While most colonised infants remain asymptomatic, the high
prevalence of baseline carriage creates a substantial reservoir for potential outbreaks,

particularly when augmented by healthcare-associated transmission.

In Northern Nigeria, the clinical risks are particularly high. Neonatal mortality rates remain
high, with sepsis accounting for a larger proportion of deaths in the first month of life (National
Population Commission (NPC) & ICF, 2019). Healthcare facilities face constraints in
diagnostic capacity (both staff, instruments and consumables), and empiric treatment protocols

are often based on outdated susceptibility patterns (K. C. Iregbu et al., 2021). When first-line



empiric therapy (ampicillin plus gentamicin) fails because the causative organism

carries corresponding ARGs, the delay in appropriate treatment can be fatal.

The intervention goal ideally prioritises reducing the intensity and persistence of high-
consequence AMR carriage during the neonatal window, acknowledging that total elimination
is an unfeasible target in high-exposure settings. Specifically, interventions should aim to: (i)
delay or prevent acquisition of clinically important antibiotic resistance markers (blactx-m-15,
carbapenemase genes, aminoglycoside resistance genes) during the first two weeks of life; (ii)
support microbial maturation processes (particularly Bifidobacterium colonisation) that
provide colonisation resistance to pathogens possessing relevant ARGs; and (iii) reduce
selection pressure that amplifies antibiotic resistant clones during the consolidation phase (days
14-28). These harm-reduction intercessions acknowledge that complete prevention is not
feasible but that targeted interventions during the critical window of neonatal development can

shift population-level risk in clinically meaningful ways.

7.3.1 Delivery Pathways and Early Care Contacts

The delivery pathway and immediate neonatal care in this cohort acts as a concentrated, high-
density exposure window that establishes the infant resistome baseline within the first postnatal
week. The clear early separation by delivery mode described in Chapter 6 reflects how this
brief period (days 0-7) concentrates acquisition opportunities. These patterns align with
evidence from other LMIC settings where resistant bacteria are acquired rapidly through
combination of maternal, healthcare-associated, and environmental transmission pathways
(Carvalho et al., 2022; Musicha et al., 2017; Woerther et al., 2013). In the present cohort, the
rapid transition from 10% carriage at birth to 90% by day 7 (Chapter 5, Figure 5.8) suggests

that by the end of the first week, a high-resistance burden has already been consolidated.



This rapid seeding process is not confined to the delivery room. Infants are quickly moved
from hospital to household environments, where initial acquisition is often reinforced. Studies
examining household transmission demonstrate that resistant bacteria circulate within family
units, with environmental reservoirs (water sources, food preparation surfaces) serving as
persistent sources of re-exposure (Musicha et al., 2017; Ruppé & Schrenzel, 2018). In settings
where open defecation persists and water availability is constrained (Section 7.2.1), preventing

household-level exposure is extremely challenging.

The period immediately after birth is the most critical time to intervene. However, HIC
strategies, such as maternal decolonisation or rigorous environmental screening (Cantey et al.,
2013) are impractical for resource-constrained settings. In Northern Nigeria, infrastructure
gaps and chronic staffing shortages render the sustainability of such high-intensity models
improbable, if not impossible (K. C. Iregbu et al., 2021). My findings suggest that while
hospital-level IPC may lower initial acquisition intensity, the negligible impact of delivery
mode on the resistome by day 90 (R* = 0.017, p = 0.288) suggests that clinical efforts alone
cannot eliminate exposure when household reservoirs are high. Therefore, the strategic goal
should shift from total prevention to reduction of exposures. By prioritising the delay of
acquisition, for instance, from day 0 to day 7, or reducing the burden of dual-antibiotic (-
lactam and aminoglycoside) resistance during the first two weeks, we create a tractable

pathway to protect infants at their most vulnerable age.

7.3.2 Selection Pressure and Antibiotic Stewardship

As mentioned previously, postpartum maternal antibiotic exposure was ubiquitous in this
cohort, with prophylactic over-prescription primarily involving metronidazole and co-

amoxiclav. This is clinically important because such high exposure exerts multifaceted



selection pressure during the critical window of infant microbial assembly. Maternal antibiotics
shape the infant gut resistome directly through the vertical transmission of AR strains
(Patangia, Grimaud, Wang, et al., 2024) and indirectly through breast milk (Das et al., 2019).
The near-ubiquitous exposure observed in my study contrasts with HIC settings, where
maternal postpartum antibiotic use—beyond standard pre-operative prophylaxis—is typically
limited to 20-40% following caesarean sections and under 10% for vaginal deliveries (Section
7.2.1). This disparity likely reflects a syndromic management approach for the mothers in this
cohort who may have higher infection risk after delivery due to inadequate WASH

infrastructure.

At the infant level, data presented in Chapter 6 supports the view that selection effects are most
interpretable when aligned to timing of the antibiotic administration. In the antibiotic-window
analysis, Shannon diversity is lowest in the 0-7 days after first antibiotic challenge and
increases thereafter, reflecting an acute perturbation superimposed on a developing
microbiome baseline (Chapter 6, Figure 6.6). Crucially, while diversity is suppressed, the total
ARG burden shows only marginal shifts. This suggests that in this setting, antibiotics act upon
a resistome that is already high and heterogeneous; the drugs select for existing resistant
bacteria in the microbiome community rather than introducing them. This is consistent with
the ZEBRA trial, which found that amoxicillin-clavulanic acid caused immediate resistome
shifts and Bifidobacterium depletion, though these effects eventually normalised (Reyman et
al., 2022). Similarly, Yassour ef al. describes transient microbiome perturbations following
infant antibiotic courses, with recovery trajectories dependent on antibiotic class, duration, and
timing. These patterns support a restrained interpretation: antibiotics can shape short-term

community structure without being the sole explanation for why resistance is present early.

Building on these observations, the implication is that antibiotic stewardship cannot be framed

only as "reduce antibiotic use". In this setting, stewardship due diligence is dictated by complex



intersection of poor diagnostics and unregulated antibiotic access. In this cohort, maternal
antibiotic acquisition was primarily by out-of-pocket expense managed through local
pharmacies, where non-exposure was driven by affordability constraints (3/87 mothers). This
reliance on the private sector introduces a critical and unmanageable variable: the uncertain
quality and potency of antibiotics purchased outside regulated hospital pharmacies (A. A.
Adamu et al., 2020; Auta et al., 2019; Gladys et al., 2025; Thomson et al., 2021). This creates
a clinical paradox where infants face a double burden of selection pressure from poor-quality
dosing, driven by financial necessity, and treatment failure when resistance renders standard

empiric regimens ineffective.

Antibiotic stewardship is not aligned with upstream infection-risk reduction (IPC in facilities;
feasible hygiene support post-discharge) and is likely to have limited traction, because it is
asking clinicians and families to accept risk without changing the conditions that generate it.
Effective antibiotic stewardship in LMIC neonatal settings requires a systems approach
addressing diagnostic capacity, supply chain reliability, and economic access alongside
traditional stewardship interventions (K. C. Iregbu et al., 2021; Laxminarayan et al., 2016;
Okeke et al., 2024). This cohort's dataset, where antibiotic exposure produced detectable short-
term effects on diversity, but overall ARG burden remained high across exposed infants,
suggests that selection pressure operates against a backdrop of intense colonisation pressure,
and reducing antibiotic selection alone is unlikely to eliminate high-antibiotic resistance

carriage without concurrent reductions in acquisition intensity.

7.3.3 Microbial Maturation, Feeding, and Hygiene Constraints

Whilst colonisation and selection set the early stage, microbial succession and resilience

determine whether the community transitions towards a more typical infant-associated



configuration. In my cohort, the dominant biological signal remains an age-structured
succession: early Enterobacteriaceae prominence becomes less ubiquitous over time,
whilst Bifidobacterium increases. This provides a practical definition of "resilience": not a
return to a low-exposure baseline, but the capacity for maturational taxa to establish despite
sustained exposure. The delayed Bifidobacterium colonisation in C-section infants, near-
complete absence at days 0-7, represents a vulnerability window during which colonisation
competition against pathogenic Enterobacteriaceae is compromised (Section 7.2.2).
Supporting earlier Bifidobacterium establishment is therefore a plausible intervention strategy,
as Bifidobacterium species acidify the gut environment, produce antimicrobial compounds,
and competitively exclude facultative pathobionts (Guo et al., 2020; Samarra et al., 2025;

Saturio et al., 2021).

Feeding-category contrasts in this cohort showed only modest differences in Shannon diversity
and ARG burden (Chapter 6, Figure 6.9). This likely reflects the fact that breastfeeding is not
binary in this setting; high breastfeeding prevalence is confounded by low exclusivity and water
supplementation (Chapter 4). While HIC studies associate exclusive breastfeeding with
pathogen suppression (Guo et al., 2020), the introduction of water, often from contaminated
sources, plausibly introduces competing exposure routes that overwhelm the protective

qualities of breast milk (Mebrahtom et al., 2022; Ogbo et al., 2017).

In this context, breastfeeding support should include practical hygiene advice for any
supplementary feeding and the equipment used. Interventions combining breastfeeding
promotion with treated water, safe storage containers, and education on hygienic preparation
of supplementary feeds may be more effective than breastfeeding promotion alone (Mebrahtom
et al., 2022; Null et al., 2018). However, feasibility must be evaluated within local cultural
contexts. In Northern Nigeria, prelacteal feeding with water (including Qur'anic water) is a

culturally valued practice (Chapter 4), and interventions that ignore these practices are unlikely



to be adopted. This highlights the need for research into behavioural training that addresses
cultural norms while promoting EBF. My ongoing work, supported by a Nestlé Foundation
grant, seeks to evaluate whether EBF can effectively limit ARG carriage in this setting. By
investigating the relationship between feeding exclusivity and the infant resistome, this
research aims to determine if caregiver education, particularly regarding the 'thirst'
misconception, can be leveraged as a pragmatic public health tool to delay environmental

acquisition in high-burden environments.

7.3.4 Why Marker-Specific Carriage Is More Actionable Than Community-Wide Metrics

Community-wide metrics, such as Shannon diversity, total ARG burden, and ordination
structure, capture overall ecological patterns but may obscure clinically relevant signals. In
contrast, marker-specific endpoints (e.g., blactx-m-15 carriage in Enterobacteriaceae) track
discrete, high-consequence carriage states that are more directly actionable for infection
prevention and appropriate antibiotics. In both Chapters 5 and 6, community composition and
diversity metrics are dominated by age-structured succession, and between-group separation
attenuates by day 90. In that setting, marker-level endpoints remain informative because they
are aligned with specific relevant antibiotic resistance markers than diffuse community-wide

metrics.

The multi-hit analysis (Chapter 6, Figure 6.13) illustrates this distinction. When early-life
exposures were represented cumulatively (caesarean delivery, antibiotic exposure, low
breastfeeding), the predicted probability of blacrtx-m-15 at day 28 increased across strata: 22%
(0 hits), 38% (1 hit), 62% (=2 hits), showing a strong trend towards association (aOR per step

2.55,95% CI1 0.97-6.70; p = 0.058). This association attenuated by day 90, suggesting that day



28 functions as a consolidation checkpoint, where the 'memory' of early-life conditions is most

detectable before environmental noise predominates.

Operationally, these findings support targeted screening for high-risk infants rather than
universal surveillance. Identifying carriage at the Day 28 checkpoint provides a critical window
for targeted infection control. This is especially vital where resistant pathogens challenge first-
line antibiotic regimens and dominate cases of neonatal sepsis (Musicha et al., 2017; Thomson

et al., 2021).

Section 7.6 uses these observations to propose a targeted prevention strategy. This framework
focuses on the most effective interventions identified in the cohort, specifically improving
hygiene during birth and using risk-stratified screening to manage infants who already carry

resistant bacteria.

7.4 Strength and limitations of the study

A primary strength of this study is its contextual validity; by anchoring the findings to the
distinct context of Northern Nigeria, this work provides a necessary comparison to HIC or low-
environmental exposure context. While the age-structured microbial maturation aligns with
global biological patterns, the magnitude of the early resistome burden and the rapid Day 90
convergence captured here reflect the real-world drivers, such as high environmental exposure
and ubiquitous maternal antibiotic use, that define neonatal health in this region. The results
offer a more accurate benchmark for other high-exposure settings, ensuring that future

interventions are designed for the environments where they are most urgently needed.

Furthermore, the reliability and impact of these findings are inextricably linked to the context
in which they were generated. This study transition from a pilot phase in a converted shipping

container to the establishment of a permanent laboratory at MMSH allowed for the mitigation



of 'field-to-lab' risks, such as intermittent electricity and fragile cold chains (Chapter 3). This
structural growth did more than just secure data integrity; it fostered local technical leadership.
As detailed in my qualitative work on Nigerian research staff perspectives (Akpulu, Yakubu,
et al., 2025), embedding these capabilities locally ensures that the expertise to monitor neonatal

AMR remains a permanent asset of the community.

The interpretation of these findings is bounded by several technical and structural constraints.
Primarily, metagenomic detection does not inherently equate to phenotypic resistance; while
ARG detection confirms the genetic potential for resistance, it does not confirm its functional
expression (Sommer et al., 2009). Although meta-transcriptomics would offer insight into
active gene expression, such an approach remains technically and financially prohibitive for
large-scale longitudinal surveillance (Heintz-Buschart & Wilmes, 2018). Therefore, this thesis
frames early-life colonisation as a clinically significant risk indicator, measuring the potential

of the endogenous reservoir, rather than a direct predictor of individual treatment failure.

This challenge of interpretation is compounded by limitations in genomic resolution. Without
systematic reconstruction of plasmids or MGEs, bundled resistance patterns (e.g., dual -
lactam and aminoglycoside carriage) must be interpreted as taxonomic co-occurrence rather
than confirmed physical linkage. Similarly, the lack of strain-level genomic linkage across
timepoints precludes a definitive distinction between the persistence of a single clone and the
repeated acquisition of new strains. These factors limit the ability to model HGT dynamics or

prove specific transmission pathways between mothers, infants, and the environment.

From a statistical perspective, the stratified analyses often encountered the "small
denominator" constraint typical of high-risk subgroups. Specifically, in the multi-hit blactx-m-
15 analysis, the >2-hit group at day 28 was small, leading to wide confidence intervals; by day

90, the attenuation of the gradient further suggests an exploratory trend rather than a definitive



population estimate. This lack of statistical power is matched by a lack of direct clinical
outcome data. While the clinical relevance of early ARG carriage is established through
regional literature linking ESBL colonisation to neonatal sepsis (Carvalho et al., 2022; Musicha
et al., 2017), this study's primary contribution is as a foundational, exploratory analysis. As a
result, it does not directly quantify infection risk or treatment failure rates within its own cohort.
Instead, the unique prevalence data generated here, specifically the 62% carriage rate in the
>2-hit group, provides the critical prevalence estimates required for robust power calculations

in subsequent, hypothesis-driven analysis designed to specifically measure infection risk.

7.5 Future Directions

7.5.1 Immediate Priority: Characterising Maternal and Household Reservoirs

An immediate research priority is the analysis of the archived maternal rectal swabs and
environmental samples already collected and stored during this study (Chapter 4). While
Chapters 5 and 6 established that the infant resistome is consolidated within the first week of
life, it remains unclear whether these AR strains originate from maternal vertical seeding or

horizontal acquisition from the immediate environment.

By analysing these archived samples, which include maternal rectal swabs and high-touch
surfaces like delivery suite surfaces and household water sources, it will be possible to perform
strain-level genomic linkage. This will provide creditable evidence needed to determine if the
90% carriage rate observed by day 7 (Chapter 5) is driven by maternal transmission or
environmental contamination. Identifying the primary source of these early colonisers is a
prerequisite for deciding whether local clinical policy should prioritise maternal decolonisation

or structural improvements in facility and household hygiene.



7.5.2 Resolve Genetic Context and Mobile Genetic Elements for Clinically Prioritised Markers

A critical technical priority is to move beyond 'gene presence' to resolve the genomic
architecture of high-priority determinants like blactx-m-15. Utilising the long-read sequencing
data already generated for this cohort, future work will move from taxonomic co-occurrence
to establishing definitive physical linkage through specialised long-read assembly and plasmid
reconstruction pipelines (e.g., MOB-suite). This structural resolution is essential for
determining whether the 'bundled' resistance patterns observed in this cohort (e.g., co-occurring
B-lactam and aminoglycoside resistance markers) reflect shared MGEs (Berglund et al., 2023).
Distinguishing chromosomal from plasmid-borne resistance has direct implications for
transmission risk and intervention design. While chromosomal integration can facilitate the
clonal dissemination through vertical inheritance, highly mobile plasmids represent an
additional threat by enabling horizontal gene transfer across diverse commensal and
opportunistic species. Resolving these genomic locations is therefore critical to determining
whether the observed resistance is driven by the spread of a single 'outbreak' strain or the
circulation of a mobile genetic reservoir. Both routes can drive rapid spread in neonatal settings,
but they imply different surveillance and intervention priorities (e.g., lineage-focused outbreak
control versus containment of highly transmissible MGEs). Furthermore, as recent continental-
scale surveys have identified over 1,000 novel bacterial species within the African gut (Maghini
et al., 2025), there is significant potential for these long-read assemblies to uncover novel

plasmids and MGEs that are currently absent from global databases.

7.5.3 Longitudinal Stability and the Weaning Transition

While my thesis focused on the first 90 days of life, the study infrastructure included an

extended collection phase. Stool samples through the weaning period (6-12 months) have



already been collected, and microbial DNA has been extracted and archived. Sequencing this
extended longitudinal library is a high-priority next step. Weaning represents a secondary high-
risk window in Northern Nigeria, where shifting dietary patterns and increased environmental
exposure may reshape the resistome (Stewart et al., 2018). Analysing these archived samples
will allow for a credible test of whether the Day 90 convergence observed in Chapter 6
represents a stable maturation or a transient phase disrupted by later-life factors. Such data will
clarify if early-life 'risk markers' like blactx-m-15 persist as a permanent endogenous reservoir

or fade as the gut microbiome matures.

7.5.4 Proposed Institutional Engagement and Protocol Review

A primary recommendation following this research is the formal dissemination of these
findings to the study site’s clinical leadership. The high prevalence resistome data generated
here should serve as the evidentiary basis for a collaborative review of current postpartum
antibiotic protocols. Specifically, the near-universal use of metronidazole and co-amoxiclav in
most deliveries warrants re-evaluation to determine if a risk-stratified prescribing model could
be implemented. By presenting the cohort’s 90% day-7 carriage rate to hospital stewardship
committees, this work can facilitate a shift away from routine prophylactic over-prescribing

towards a more targeted therapy.
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Figure 7.1: A time-structured framework for neonatal AMR risk management in Northern Nigeria

This conceptual framework maps four stages of the infant resistome (seeding, selection, succession, reservoir formation) to specific clinical windows
identified in this cohort: the Day 0-7 Acquisition Window, the D7-D14 Early selection window, the Day 28 Consolidation Checkpoint, and the Day 90
Convergence. The figure highlights key biological processes, potential intervention points, and the primary endpoints used in this thesis (microbiome

composition, resistome burden, and prioritised marker carriage) to validate each stage



7.6 A Conceptual Framework to Identify Future Interventional Strategies

My data reveal a time-structured process in which early-life AMR carriage emerges rapidly, is
shaped by external drivers concentrated in the perinatal window and evolves through

predictable maturational stages. Four key observations structure this interpretation.

First, colonisation occurs very early and from multiple sources. Ten percent of infants carry 3-
lactam and aminoglycoside resistance genes at birth, rising to 90% by day 7. This rapid early
acquisition demonstrates that AR bacteria are introduced before most infant-level exposures
are recorded. Delivery mode explains 6.2-7.8% of microbiome and resistome variation at days
1-5, reflecting how the immediate care environment, maternal microbiota, and facility contact
concentrate acquisition opportunities. Infants then move quickly to household environments
where WASH constraints, dense contact networks, and environmental reservoirs sustain

colonisation.

Second, selection pressure overlaps temporally with early colonisation. Postpartum maternal
antibiotic exposure was high (84/87 mothers), creating selection pressure when infant
colonisation is being assembled. At the infant level, antibiotic exposure produced detectable
short-term effects on Shannon diversity but weaker effects on total ARG burden, consistent
with antibiotics acting on a resistome that is already high and heterogeneous. This supports the
interpretation that selection amplifies AR strains acquired through early seeding, rather than

initiating the resistome de novo.

Third, microbial succession proceeds despite sustained exposures, but ARG marker-level
persistence better captures the lasting impact on the resistome. The dominant biological signal
is age-structured succession: early Enterobacteriaceae prominence becomes less universal,
whilst Bifidobacterium increases. By day 90, delivery-mode effects on microbiome

composition attenuate, and community-wide metrics show increasing overlap. However, this



convergence does not imply elimination of clinically relevant carriage. The multi-hit analysis
demonstrates that blactx-m-15 carriage at day 28 is associated with cumulative early-life
exposures, with predicted probabilities rising from 22% (0 hits) to 62% (=2 hits). This
association attenuates by day 90, but the subset maintaining high ESBL carriage represents a

persistent reservoir.

Fourth, timing is the most reliable organising principle. The thesis identifies critical time
frames: D0-D7 (acquisition and divergence), D7-D14 (early selection), D28 (consolidation),
and D90 (convergence). Exposure-linked signatures are most interpretable in the neonatal
window. By day 28, early colonisers have either persisted or begun to decline. By day 90,
shared maturation constraints compress between-group structure on diversity metrics, but

marker-specific endpoints remain informative.

These findings suggest a conceptual framework (Figure 7.1) separating early-life AMR
development into four linked stages, seeding, selection, succession, and reservoir formation,
each aligned to specific time periods and intervention opportunities. In the seeding stage (birth
to first days), maternal microbiota, hospital contact, household contacts, water routes, and
environmental exposure introduce resistant organisms. Intervention points include IPC at the
maternal-newborn interface and safe water/handling practices. In the early selection pressure
stage (first days to weeks), routine postpartum antibiotic prescribing, infant antibiotics, and
care-pathway thresholds amplify resistant clones. Intervention points include stewardship
(prescribing norms, spectrum, duration). In the succession/resilience stage (weeks), anaerobe
establishment, Enterobacteriaceae persistence, feeding intensity, and partial convergence shape
community transitions. Intervention points include breastfeeding support and feeding
counselling. In the reservoir formation stage (weeks to months), clinically relevant carriage,
linked resistance patterns, marker persistence, and surveillance signals stabilise. Intervention

points include marker-based surveillance and targeted follow-up. This framework identifies



potential intervention points based on timing, biological plausibility, and alignment with

measurable endpoints.

By mapping microbiome composition, resistome class burden, and prioritised marker carriage
onto each developmental stage, my work provides the necessary benchmarks to evaluate
whether future interventions targeting specific nodes produce detectable shifts in colonisation
potentials. The most effective strategies are those designed to limit the duration of ARG
carriage during the neonatal window. This can be achieved by integrating targeted IPC within
the neonatal window with antimicrobial stewardship and support for microbial maturation,

tailored to the realities of the community (Sections 7.3.1-7.3.3).
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Appendices

Appendix A.1:
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Supplementary Figure 2.1: Take-home household event grid used to support caregiver recall
between study visits.

Caregivers recorded dates of key infant events and exposures using predefined codes. The grid was
reviewed at each follow-up visit and reconciled with CRF responses.
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Supplementary Table 3.1: Per-condition pairwise comparisons of DNA extraction kit yield

(ng) across preservation and storage conditions

Condition Friedman 2
{p}
7.90(0.0193

Day 0 ( )

(no preserv.)

Day 1 7.30 (0.0260)

(Shield —80 °C)

Day 1 7.60 (0.0224)

(Shield 4 °C)

Day 1 6.30 (0.0429)

(Shield RT)

Day 2 5.20 (0.0743)

(Shield RT)

Week 6 8.40 (0.0150)

(Swab 4 °C)

PS—SM: HL ng

(95% CI), p (ady)

ZB—SM: HL ng
(95% CI), p (ad))

PS-ZB: HL ng
(95% CI), p (adj)

1256.0
(512.0-2000.0),
0.0625 (0.1875)
48.5
(2.0-517.3),
0.0625 (0.1875)
75.7
(2.1-490.7),
0.0625 (0.1875)
93.3
(0.0-618.7),
0.1250 (0.3750)
33.2

(0.0-91.2),
0.2500 (0.7500)
675.3

(56.8-1690.0), 0.0625

(0.1875)

1097.7
(195.3-2000.0),
0.0625 (0.1875)
129.4

(0.0-263.3), 0.1250
(0.3750)

114.5

(2.3-226.7), 0.0625
(0.1875)

110.9

(2.1-237.0), 0.0625
(0.1875)

102.5

(2.1-203.0), 0.0625
(0.1875)

588.5
(73.0-1486.7),
0.0625 (0.1875)

228.8
(—1488.0-1714.3),
0.6250 (1.000)

8.0
(—252.7-291.3),
0.4375 (1.000)
17.6

(—212.4-302.3), 1.000

(1.000)
17.0

(—225.2-459.7), 1.000

(1.000)
-84.6
(~182.9-8.0),
0.6250 (1.000)
93.6
(-16.2-203.3),
0.1250 (0.3750)

For each condition, an overall Friedman test assessed within-infant differences in yield between
kits (PS, ZB, SM), followed by paired Wilcoxon signed-rank contrasts with Holmadjusted p-
values. Pairwise effects are reported as Hodges—Lehmann (HL) median differences in yield
(ng) with 95% confidence intervals for PS-SM, ZB—SM, and PS—ZB
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Supplementary Table 3.2: DNA yield by extraction kit across preservation and storage conditions
Condition PS SM 7B

Day 0 (no preserv.) 742.7 (561.3-2000.0) 0.0 (0.0-0.0)  285.7 (285.0-2000.0)

Day 1 (Shield 4°C)  75.7 (14.2-123.0) 0.0 (0.0-0.0)  133.3(30.2-188.3)
Day 1 (Shield RT) 45.6 (10.7-86.3) 0.0 (0.0-0.0)  78.3 (32.7-226.0)
Day 1 (Shield -80°C)  93.3 (11.8-100.0) 0.0 (0.0-0.0)  110.9 (48.5-159.0)
Day 2 (Shield RT) 20.1 (0.0-66.4) 0.0 (0.0-0.0)  83.2(62.9-172.7)

Week 6 (swab 4°C) 426.3 (370.7-980.0) 0.0 (0.0-0.0)  351.7 (311.3-865.7)

Values are reported as median yield (ng) with interquartile range (IQR) for each kit (PS, SM,
ZB) within each sampling condition/time point (Day 0 no preservative; Day 1 Shield stored at 4°C,
room temperature, or —80°C; Day 2 Shield at room temperature; Week 6 swab stored at 4°C).
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Supplementary Figure 3.1: Sequencing throughput summaries for the sequenced libraries (PS
and ZB extracts at Day 0 and Week 6).

Boxplots show (A) the number of reads generated per library (read count; num_seqs) and (B) total
sequencing yield expressed as log10 total bases (logio(sum_len)), each summarised by extraction kit (PS
vs ZB) and by time point (DO vs W6). Coloured points denote individual infants (S1-S5).
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Supplementary Figure 3.2: Mean read quality (Q score) for the sequenced libraries (PS and ZB
extracts at Day 0 and Week 6).

Boxplots summarise per-library average read quality (AvgQual) by extraction kit (top; PS vs ZB) and by
time point (bottom; DO vs W6). Coloured points denote individual infants (S1-S5)
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Supplementary data 1: Data readiness and QC outcomes

This section summarises sequencing throughput and QC outcomes for infant stool
metagenomes and controls, to justify the analysis-ready dataset used for microbiome and

resistome trajectory analyses.
Read quality (before/after fastp cleaning)

Raw sequencing output showed the expected contrast between infant stool samples, positive
controls, and negative controls. Infant stool libraries typically yielded high numbers of long
reads, whereas extraction/library negative controls produced low-yield, short-fragment profiles
consistent with background signal (Figure S5.1). After fastp cleaning, infant stool samples
retained the great majority of reads, with only ~1-2% removed per sample on average. In
contrast, negative controls lost a larger fraction of reads (around ~12% on average), consistent

with higher proportions of short, low-complexity, or poor-quality fragments.

Read-length structure was preserved in infant stool samples

Read-length N50 remained approximately ~5 kb before and after fastp, and median average
read length was essentially unchanged (Figure S5.2). Base-level quality improved modestly
after trimming, consistent with removal of low-quality tails. Negative controls remained
dominated by very short reads (N50 on the order of ~100 bp) and remained clearly separable
from stool samples after cleaning. Libraries showing heavy loss during cleaning (>20% reads

removed) were rare and were confined to negative controls.

Host-DNA burden (before/after host removal)

Host-DNA burden was generally low in infant stool libraries. The median fraction of reads
removed as host was approximately 2.5%, and three-quarters of samples were below ~7% host
removal. A subset of libraries (57/557; 10.2%) met a “high-host” criterion of >20% host
removal, distributed across 39 of 90 infants. A very small number of libraries (6/557; ~1%)
were extremely host-dominated (=70% host reads removed). These extreme cases occurred
across both early and later timepoints and are consistent with intermittent collection of very

low-biomass material (e.g., mucus/epithelial-rich specimens rather than formed stool).



Despite host removal, most infant stool libraries retained substantial microbial sequencing
depth. The median number of non-host reads retained was on the order of 45 x 10° reads per
library, and three-quarters of samples retained more than ~2 x 10° non-host reads. Only a
minority fell below 10° retained reads (~9%), and only 2 of 557 fell below 10*. The lowest yield
library retained after host removal still contained 5,508 non-host reads. These patterns are

summarised in Figures S5.3A-B.
Negatives-informed background assessment and decontamination

Reagent and handling background was assessed using extraction and library blanks. In
principle, decontamination can be performed per flowcell or extraction batch using that batch’s
own negative control; however, several sequencing runs did not include a blank. Restricting
subtraction only to runs with a blank would therefore have treated some infants’ libraries
differently from others, introducing an artificial batch effect. To avoid this, all available
negatives across runs were pooled to define a composite background profile used to identify

low-level background signal across libraries.

Three complementary approaches were applied to this pooled background: (i) microDecon

(proportional subtraction under non-negativity constraints); (ii) decontam in prevalence mode
(taxa more frequent in negatives than in true samples); and (ii1) a prevalence/blank-dominance
screen. Overlap between approaches is shown in Figure S5.4. Taxa consistently identified as
background were predominantly environmental and biologically implausible as neonatal gut
microbiota (e.g., plant-, soil-, and aquatic-associated genera, plus low-abundance fungi/yeasts).
A small number of clinically plausible gut-associated taxa flagged by prevalence criteria were
reviewed and retained rather than automatically removed, to avoid removing genuine early-life

colonisation signal.

To minimise over-correction, the microDecon-adjusted (contaminant-subtracted) table was
used as the primary correction output for downstream analyses, while decontam and rule-based
screening contributed contaminant flags for annotation and sensitivity checks. The impact of
decontamination on within-sample diversity was assessed using Shannon diversity. Within
flowcells, Shannon values typically decreased only slightly after decontamination (on the order
of ~0.1-0.2 units), and the relative ordering of samples by diversity remained stable (Figure
S5.5). No sequencing run showed a large downward shift consistent with loss of dominant gut

taxa.



Conclusion

Overall, these outcomes indicate that the infant stool samples retained enough high-quality
microbial data for detailed analysis. The controls performed as expected, and the removal of
background noise produced minor, logical adjustments. This confirms that the dataset is robust
and suitable for the longitudinal analysis of the microbiome and resistome presented in this

thesis.

The credibility of any downstream microbiome and resistome inference depend not just on
which exposures infants experienced, but on whether the metagenomic data generated under
these field conditions are analytically usable. The quality check in section 4.4.9 indicates that
they are, with a few borderline samples. After removal of human reads, most infant stool
libraries retained substantial microbial reads to support downstream analysis. This pattern is
consistent with what is known about neonatal stool biology: the earliest infant stool can be
extremely low biomass (Fierer et al., 2025; Kennedy et al., 2023), dominated by host cells and
mucus, and technically fragile (Gallo et al., 2023; Turunen et al., 2024). Notably, high-host
libraries were not confined to a single infant or an isolated early time point. Instead, they
recurred across multiple infants and were also observed at later timepoints. This suggests that
intermittent, low-biomass, host-rich samples are an authentic biological feature of the cohort
rather than a one-off technical failure. Accordingly, such libraries can be explicitly identified,

flagged, and included in sensitivity analyses, rather than silently influencing inference.

Background contamination was systematically characterised and controlled in accordance with
published recommendations for low-biomass metagenomic studies (Eisenhofer et al., 2019;
Salter et al., 2014). Salter et al. (2014) and others have shown that, when inputs are low, kit-
and handling-derived taxa (often environmental or skin-associated) can appear at low
abundance in true samples and even dominate apparent signal (Eisenhofer et al., 2019; Salter
et al., 2014). In this cohort, extraction and library blanks were used to model that background,
and a conservative subtraction strategy was applied. The taxa flagged as background were not
typical neonatal gut microbiota but rather plant-, soil-, and aquatic-associated bacteria, plus
low-abundance filamentous fungi and yeasts, which is in line with reagent and handling noise
(Eisenhofer et al., 2019; Salter et al., 2014). Clinically relevant gut organisms such as
Enterococcus faecalis and Salmonella enterica were not discarded solely because low-level
signal was also detectable in negative controls. Instead, these taxa were retained in the

analytical dataset but explicitly flagged, reflecting both their plausibility as early-life gut



colonisers and the recognised potential for low-level barcode crosstalk in multiplexed
sequencing runs (Kennedy et al., 2023). Following background subtraction, within-sample
diversity decreased only slightly (on the order of ~0.1-0.2 Shannon units), and the relative
ordering of sequencing runs by diversity remained stable. This pattern suggests that the
procedure primarily removed batch-associated background noise rather than artificially
reshaping the underlying microbial community. Consequently, the downstream taxonomic and
resistome analyses presented in later chapters can be interpreted with confidence, even though
these metagenomes were generated in a setting of intermittent power, variable available stool
volume, and incomplete negative controls per run, practical constraints that are seldom reported

in high-income neonatal cohorts but are intrinsic to microbiome work in low-resource hospitals.

In summary, this cohort combines dense early-life sampling with detailed exposure data in a
high-contact, high-environmental-load urban setting, under real operational constraints. The
QC analysis in the second half of the chapter indicates that despite host-rich, low-biomass
material in a subset of samples and variable low-level background across flowcells, the majority
of libraries retain sufficient non-host depth after host removal, and contaminant subtraction
behaves in a controlled, biologically plausible way. This supports the use of these metagenomic

data, including downstream taxonomic and resistome analyses, in subsequent chapters.
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Figure S5.1: Read-count distributions before and after quality control across infant stool libraries and sequencing controls
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Figure S5.2: Read-length N50 before and after fastp quality control across infant stool libraries and sequencing controls.
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Figure S5.3: Host-read removal and retained non-host sequencing depth across infant stool libraries and controls.

(A) Number of non-host reads retained per library after host-DNA removal, shown for negative controls, positive controls, and infant stool samples.
(B) Host-DNA burden per library, expressed as the percentage of reads removed as host.
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Figure S5.4: Overlap of contaminant taxa identified by three background detection approaches
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Figure S5.5: Effect of decontamination on within-sample diversity across sequencing runs.
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Figure S5.6: Within-timepoint community dispersion across scheduled sampling days

Boxplots show the distribution of each sample’s Bray—Curtis distance to the group centroid (i.e.,
multivariate dispersion) at each scheduled day of life (DO, D1, D3, D5, D7, D14, D28, D90). Lower
distances indicate tighter clustering (greater within-day compositional similarity), whereas higher
distances indicate greater heterogeneity in community composition among infants sampled at that time
point.



Bacteria-only composition (relative) — 4 infants
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Figure S5.7: Longitudinal gut bacterial genus composition in four representative infants across
scheduled sampling days.

Stacked bar charts show relative abundance of dominant bacterial for four infants with complete
samples at all time points at Day 0, 1, 3, 5, 7, 14, 28, and 90. Profiles illustrate pronounced early-
life inter-individual variability and temporal succession, with early dominance by
Enterobacterales-associated genera (e.g., Escherichia, Klebsiella) in some infants and increasing
abundance of beneficial taxa (e.g., Bifidobacterium) later in follow-up; remaining low-abundance
taxa are grouped as “Other.”
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Supplementary Figure S5.8: Within-timepoint community dispersion across scheduled
sampling days in Aitchison space.

Boxplots show each sample’s distance to the day-specific centroid computed in Aitchison
(compositional) space for scheduled days DO, D1, D3, D5, D7, D14, D28, and D90. Points represent
individual infant samples. Lower distances indicate tighter clustering (greater within-day compositional
similarity), whereas higher distances indicate greater heterogeneity in community composition among
infants at that time point.



ARG drug classes : mean composition by day
All classes shown (presence-weighted; rifamycins = ARR only)
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Figure S5.9: Mean antimicrobial resistance gene (ARG) composition by drug class across
scheduled sampling days.

Stacked bars show the mean proportional contribution (%) of ARG drug classes at each scheduled day
(DO, D1, D3, D5, D7, D14, D28, D90). Class contributions are calculated using a presence-weighted
approach so that all detected classes are represented; rifamycin class assignments reflect ARR-family
determinants only. The plot summarises how the relative profile of therapy-relevant resistance classes
(e.g., B-lactams, aminoglycosides, tetracyclines, fluoroquinolones, and multidrug efflux/regulatory
categories) varies over early infancy.



Table SS. 1: Day-specific co-carriage enrichment for pairs of therapy-relevant ARG drug
classes.

Day Antibioticclass | N obs expected log2 enrich | p p_adj
of life | pair

0 beta & ag 10 0.77 ]0.67 0.21 0.20 0.50
1 beta & ag 42 0.83 0.82 0.01 1.00 1.00
3 beta & ag 59 0.84 |0.78 0.11 0.00 0.00
5 beta & ag 63 0.93 0.91 0.03 0.06 0.16
7 beta & ag 68 0.95 0.90 0.08 0.00 0.00
14 beta & ag 67 0.82 [0.75 0.12 0.00 0.00
28 beta & ag 61 0.72 {0.63 0.19 0.00 0.00
90 beta & ag 59 0.84 |0.81 0.06 0.05 0.05
0 beta & fq 10 0.86 |0.75 0.21 0.10 0.50
1 beta & fq 42 0.87 ]0.86 0.01 1.00 1.00
3 beta & fq 59 0.89 ]0.86 0.06 0.02 0.03
5 beta & fq 63 0.98 0.97 0.01 1.00 1.00
7 beta & fq 68 092 ]0.89 0.05 0.01 0.01
14 beta & fq 67 0.80 {0.73 0.14 0.00 0.00
28 beta & fq 61 0.75 0.66 0.19 0.00 0.00
90 beta & fq 59 0.83 0.78 0.09 0.00 0.01
0 beta & tet 10 0.59 ]0.59 0.01 1.00 1.00
1 beta & tet 42 0.85 0.82 0.05 0.14 0.20
3 beta & tet 59 0.91 0.87 0.06 0.01 0.02
5 beta & tet 63 0.98 0.95 0.03 0.02 0.08
7 beta & tet 68 0.93 0.91 0.03 0.09 0.10
14 beta & tet 67 0.86 |0.83 0.05 0.04 0.04
28 beta & tet 61 0.83 0.80 0.05 0.10 0.12
90 beta & tet 59 0.93 0.89 0.06 0.01 0.01
0 beta & sxt 10 0.50 {043 0.21 1.00 1.00
1 beta & sxt 42 0.59 ]0.57 0.05 0.40 0.51
3 beta & sxt 59 0.66 |0.61 0.11 0.01 0.02
5 beta & sxt 63 0.76 | 0.74 0.03 0.24 0.40
7 beta & sxt 68 0.79 |0.75 0.08 0.01 0.01
14 beta & sxt 67 0.67 |0.59 0.19 0.00 0.00
28 beta & sxt 61 0.57 ]0.50 0.19 0.00 0.00
90 beta & sxt 59 0.69 | 0.65 0.09 0.03 0.03




0 ag & fq 10 0.77 0.67 0.21 0.20 0.50
1 ag & fq 42 0.85 0.76 0.16 0.00 0.00
3 ag & fq 59 0.83 0.78 0.08 0.01 0.02
5 ag & fq 63 0.93 0.92 0.01 1.00 1.00
7 ag & fq 68 0.92 0.89 0.05 0.01 0.01
14 ag & fq 67 0.80 0.71 0.17 0.00 0.00
28 ag & fq 61 0.70 0.54 0.38 0.00 0.00
90 ag & fq 59 0.79 0.71 0.16 0.00 0.00
0 ag & tet 10 0.59 0.53 0.17 1.00 1.00
1 ag & tet 42 0.78 0.72 0.11 0.03 0.06
3 ag & tet 59 0.83 0.79 0.06 0.06 0.06
5 ag & tet 63 0.93 0.91 0.03 0.06 0.16
7 ag & tet 68 0.93 0.91 0.03 0.09 0.10
14 ag & tet 67 0.85 0.82 0.05 0.05 0.05
28 ag & tet 61 0.69 0.65 0.07 0.13 0.14
90 ag & tet 59 0.84 0.81 0.06 0.05 0.05
0 ag & sxt 10 0.50 0.39 0.37 0.44 0.89
1 ag & sxt 42 0.59 0.50 0.24 0.00 0.01
3 ag & sxt 59 0.66 0.55 0.25 0.00 0.00
5 ag & sxt 63 0.76 0.70 0.11 0.00 0.02
7 ag & sxt 68 0.79 0.75 0.08 0.01 0.01
14 ag & sxt 67 0.67 0.58 0.22 0.00 0.00
28 ag & sxt 61 0.57 0.41 0.48 0.00 0.00
90 ag & sxt 59 0.69 0.59 0.22 0.00 0.00
0 fq & tet 10 0.59 0.59 0.01 1.00 1.00
1 fq & tet 42 0.80 0.76 0.08 0.09 0.15
3 fq & tet 59 0.89 0.87 0.03 0.19 0.19
5 fq & tet 63 0.98 0.97 0.01 1.00 1.00
7 fq & tet 68 0.93 0.90 0.05 0.00 0.01
14 fq & tet 67 0.83 0.79 0.08 0.00 0.00
28 fq & tet 61 0.72 0.68 0.07 0.09 0.12
90 fq & tet 59 0.83 0.78 0.09 0.00 0.01
0 fq & sxt 10 0.50 0.43 0.21 1.00 1.00
1 fq & sxt 42 0.59 0.53 0.16 0.02 0.06
3 fq & sxt 59 0.66 0.61 0.11 0.01 0.02
5 fq & sxt 63 0.76 0.75 0.01 1.00 1.00




7 fq & sxt 68 0.78 0.74 0.07 0.03 0.04
14 fq & sxt 67 0.67 0.56 0.27 0.00 0.00
28 fq & sxt 61 0.57 0.43 0.42 0.00 0.00
90 fq & sxt 59 0.68 0.57 0.24 0.00 0.00
0 tet & sxt 10 0.50 0.34 0.55 0.17 0.50
1 tet & sxt 42 0.57 0.50 0.18 0.03 0.06
3 tet & sxt 59 0.66 0.62 0.09 0.04 0.04
5 tet & sxt 63 0.76 0.74 0.03 0.24 0.40
7 tet & sxt 68 0.78 0.76 0.03 0.37 0.37
14 tet & sxt 67 0.67 0.63 0.08 0.03 0.04
28 tet & sxt 61 0.56 0.52 0.09 0.15 0.15
90 tet & sxt 59 0.69 0.65 0.09 0.03 0.03

For each scheduled day of life, the table summarises observed co-occurrence frequency (obs)
of each antibiotic-class pair (B-lactams [beta], aminoglycosides [ag], fluoroquinolones [fq],
tetracyclines [tet], and sulfonamide/trimethoprim [sxt]) relative to the expected frequency
under independence (expected) among samples with complete class calls (N). Enrichment is
reported as log2(observed/expected) (log2 enrich). Statistical significance was assessed using
a day-stratified cooccurrence test; p values are reported alongside multiple-testing adjusted

values (p_adj)




Table S5.2: Longitudinal transition summary of antibiotic resistance genes (ARGS)

endpoint interval N pos. at start | pl1 | pl0
Transition Summary Aminoglycosides | DO-D1 6 1 0
Transition Summary | Aminoglycosides | D0-D3 1 1 0
Transition Summary | Aminoglycosides | D0-D5 1 1 0
Transition Summary Aminoglycosides | D14-D28 | 43 0.67 | 0.33
Transition Summary Aminoglycosides | D14-D90 | 9 0.89 | 0.11
Transition Summary | Aminoglycosides | D1-D14 2 1 0
Transition Summary | Aminoglycosides | D1-D3 24 0.83 | 0.17
Transition Summary | Aminoglycosides | D1-D5 9 1 0
Transition Summary | Aminoglycosides | D1-D7 1 1 0
Transition Summary | Aminoglycosides | D28-D90 | 34 0.76 | 0.24
Transition Summary | Aminoglycosides | D3-D14 2 1 0
Transition Summary | Aminoglycosides | D3-D28 1 1 0
Transition Summary | Aminoglycosides | D3-D5 40 0.9 |0.1
Transition Summary | Aminoglycosides | D3-D7 6 1 0
Transition Summary | Aminoglycosides | D5-D14 8 0.7510.25
Transition Summary | Aminoglycosides | D5-D7 51 0.94 | 0.06
Transition Summary | Aminoglycosides | D7-D14 52 0.8710.13
Transition Summary | Aminoglycosides | D7-D28 8 1 0
Transition Summary | Aminoglycosides | D7-D90 1 1 0
Transition Summary Beta-lactams DO0-D1 6 1 0
Transition Summary Beta-lactams DO0-D3 2 1 0
Transition Summary | Beta-lactams DO0-D5 1 1 0
Transition Summary Beta-lactams D14-D28 |43 0.91 | 0.09
Transition Summary Beta-lactams D14-D90 |9 1 0
Transition Summary Beta-lactams DI-D14 2 1 0
Transition Summary Beta-lactams D1-D3 30 0.93 | 0.07




Transition Summary Beta-lactams DI1-D5 8 1 0
Transition Summary Beta-lactams D1-D7 1 1 0
Transition Summary | Beta-lactams D28-D90 | 43 0.8810.12
Transition Summary | Beta-lactams D3-D14 2 1 0
Transition Summary Beta-lactams D3-D28 1 1 0
Transition Summary Beta-lactams D3-D5 44 0.98 | 0.02
Transition Summary | Beta-lactams D3-D7 7 1 0
Transition Summary | Beta-lactams D5-D14 10 09 0.1
Transition Summary | Beta-lactams D5-D7 52 0.94 | 0.06
Transition Summary | Beta-lactams D7-D14 52 0.8510.15
Transition Summary | Beta-lactams D7-D28 8 1 0
Transition Summary | Beta-lactams D7-D90 1 1 0
Transition Summary | Both DO0-D1 6 1 0
Transition Summary | Both DO0-D3 1 1 0
Transition Summary Both DO0-D5 1 1 0
Transition Summary | Both D14-D28 |40 0.7 103
Transition Summary | Both D14-D90 |9 0.89 ] 0.11
Transition Summary | Both DI-D14 2 1 0
Transition Summary | Both DI1-D3 24 0.8310.17
Transition Summary | Both DI-D5 8 1 0
Transition Summary | Both DI1-D7 1 1 0
Transition Summary Both D28-D90 | 34 0.76 | 0.24
Transition Summary Both D3-D14 2 1 0
Transition Summary Both D3-D28 1 1 0
Transition Summary Both D3-D5 40 0.9 |0.1
Transition Summary Both D3-D7 6 1 0
Transition Summary Both D5-D14 8 0.75 1 0.25
Transition Summary Both D5-D7 51 0.94 | 0.06




Transition Summary Both D7-D14 52 0.81 [ 0.19

Transition Summary Both D7-D28 8 1 0

Transition Summary | Both D7-D90 1 1 0

(Aminoglycosides, B- lactams, and concurrent carriage in the infant gut microbiome across
various timepoints. The table displays the number of infants positive at the start of an interval (N
pos. at start) and the proportions of those infants who remained positive (p11) or became negative

(p10) by the end of the interval, highlighting a general trend of high short-term persistence and
lower long-term retention of ARGs.
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Figure S5.10: Time to first detection of selected rare but high-risk ARGs across the first three
months of life.

KaplanMeier curves show the fraction of infants not yet detected as carrying each determinant over
scheduled follow-up (D0-D90): van (lenient definition), van (stringent definition), mecA, and ermT.
Step decreases indicate first detection events; shaded bands denote 95% confidence intervals. The
comparison of lenient versus stringent van definitions illustrates sensitivity of detection timing to

calling thresholds, while the largely flat curves for rarer markers reflect infrequent acquisition over
follow-up



Appendix A. 3

Supplementary data 2

COHORT STRUCTURE Enrolment
and Sample Availability:

. 90 infants enrolled (total recruitment)
. 87 infants provided at least one stool sample for analysis: used for taxonomic

classification (microbiome analysis)

. 85 infants had sufficient sequencing depth for ARG analysis (resistome)

Missingness Across Timepoints: Not all infants have samples at all timepoints. Sample

sizes vary by scheduled day:

. DO: n=10
. D1: n=42
. D3: n=59
. D5: n=63
. D7: n=68

. D14: n=69
. D28&: n=63
. D90: n=61
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Figure S6.1: Infant-level longitudinal genus composition stratified by mode of delivery across
scheduled sampling days.

Stacked bar plots show relative abundance (%) of dominant bacterial genera for each infant
sample across the scheduled day-of-life visits (DO, D1, D3, D5, D7, D14, D28, D90). Panels
are stratified by delivery mode (C/S vs SVD), with each bar representing an individual sample
and colours denoting genera (legend shown below; low-abundance taxa grouped as “Other”).
Figure plotted by Aditiya Lankapalli



