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Abstract 

During the perinatal period, the transfer of microbial communities from mother to 

infant is critical in shaping the infant’s early-life microbiome and broader health 

outcomes. While it is well established that maternal sources such as the gut, 

breastmilk, and vaginal tract each contribute to the neonate’s microbiota, fewer 

studies have examined the fine-scale strain-level differences that can govern 

colonisation success or influence pregnancy outcomes. This thesis addresses that gap 

by adopting metagenomic approaches to identify and compare specific bacterial 

strains across mother-infant pairs, offering novel perspectives on how functional 

traits may underpin microbe-host interaction and vertical transmission. Chapter 2 

highlights how computational choices can markedly affect the reconstruction of 

metagenome-assembled genomes (MAGs) and, in turn, our interpretations of 

microbial sharing events. Comparing different binning tools demonstrates that 

method selection shapes both the number and quality of MAGs recovered, including 

the detection of critical genes like 16S rRNA and antimicrobial resistance 

determinants. These findings underscore the necessity of rigorous bioinformatic 

pipelines for accurately tracing maternal strains into infants. Chapter 3 highlights 

how functional traits, particularly genes involved in human milk oligosaccharide 

(HMO) metabolism may confer a competitive advantage in the HMO-rich infant gut. 

Such insights illuminate why some maternal strains flourish in early infancy even 

when they are not dominant in the maternal microbiome. Chapters 4 and 5 focus on 

the maternal vaginal microbiome, a niche strongly linked to pregnancy outcomes but 

relatively understudied at the microbial strain level. Investigating Lactobacillus 

strains and their genetic variation reveals that even minor within-species distinctions 

correlate with gestational duration, offering novel insights on how vaginal 

microbiome composition may influence pregnancy risks. Taken together, these 

results underscore the critical importance of examining microbial communities at the 

strain level to gain a more refined view of mother-infant transmission. Ultimately, 

these findings open avenues for targeted investigation to understand the 

mechanisms governing maternal/infant microbial interaction and to tailor 

interventions for improved health outcomes during the perinatal period. 
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1.1 Introduction 

The human microbiome comprises a vast collection of microorganisms including 

bacteria, viruses and fungi that reside in and on the human body1–3. These complex 

and dynamic microbial communities play essential roles in human physiology, 

extending far beyond digestion to immune system regulation, metabolism, and 

neurodevelopment4,5. Importantly, environmental factors such as diet, antibiotic 

use, stress, and lifestyle choices can influence microbial composition, underscoring 

the delicate balance and adaptability of host–microbe interactions6–9. 

The microbiome exhibits remarkable site-specific diversity across the human body, 

each with its own characteristic microbial consortia1,10. For instance, the skin 

microbiome is typically dominated by genera such as Staphylococcus, 

Corynebacterium, and Cutibacterium, which have adapted to the skin’s acidic pH and 

relatively low moisture levels11,12 and the oral cavity is highly colonised by genera 

including Streptococcus, Veillonella, and Prevotella13–15. In the vaginal microbiome, 

Lactobacillus species dominate the environment producing lactic acid that maintains 

a low pH and protects against pathogenic invasion16,17. The gut microbiome is by far 

the most extensive, containing trillions of microbes from diverse phyla such as 

Bacillota, Bacteroidota, Actinomycetota, and Pseudomonadota 1,18,19. Disruptions in 

gut microbial communities have been linked to wide-ranging conditions, including 

inflammatory bowel disease, obesity, diabetes, and various neurodevelopmental 

disorders20–24. 

Historically, microbial research relied heavily on culture-based techniques that 

focused on isolating and identifying individual bacterial species. This limited our 

understanding of microbial communities that were difficult to cultivate under 

laboratory conditions. With the emergence of high-throughput sequencing, 

particularly 16S rRNA gene amplicon-based sequencing and shotgun metagenomics, 

entire microbial ecosystems can be studied uncovering taxa that were previously 

missed by cultivation25,26. These molecular approaches allow for comprehensive 

characterisation of microbial diversity, community structure, and functional 

potential, illuminating how microbiomes develop, maintain health, and contribute to 

disease processes across the human lifespan. 
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The perinatal period, encompassing pregnancy, delivery, and the early postnatal 

phase is pivotal for shaping the infant microbiome27–29. During pregnancy, the 

maternal microbiome undergoes notable shifts, such as increases in Bifidobacterium 

and Akkermansia in the gut driven by hormonal changes and reduced microbial 

diversity influenced by factors including diet, antibiotic use, and other lifestyle 

factors30–34. Emerging evidence indicates that the maternal gut microbiome is a major 

contributor to the infant’s initial microbial repertoire35,36. Recent high-resolution 

strain-level analyses suggest that infants acquire Bifidobacterium and Bacteroides 

species strains from maternal sources37–39. An improved understanding of this 

transmission process could aid in designing intervention strategies such as targeted 

probiotic supplementation or microbiome restoration protocols that are particularly 

valuable for high-risk groups, such as preterm or cesarean-delivered infants, who 

may not experience the typical mode of maternal microbial transfer40–42. Disruptions 

to microbial seeding have been associated with an increased risk of childhood 

conditions such as asthma, obesity, and metabolic disorders43–45.  

Under typical conditions, the infant gut microbiome undergoes a characteristic 

developmental trajectory. Over the first few weeks, the infant gut microbiome shifts 

from a predominance of facultative anaerobes (e.g., Enterobacteriaceae) to strict 

anaerobes, with Bifidobacterium often becoming dominant and Bacteroides 

remaining in lower abundance46,47. A major transition occurs as a result of weaning 

and the concomitant introduction of solid foods, when the relative abundance of 

Bacteroides and other adult-like taxa (e.g., Ruminococcus) increases, while 

Bifidobacterium levels may decline48,49. By approximately one year of age, the infant 

microbiome more closely resembles that of an adult in terms of phylogenetic 

composition and functional potential50,51. 
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1.2 Maternal Gut Microbiome: A Major Reservoir for Infant 

Colonization 

During pregnancy, the maternal gut microbiome undergoes considerable shifts 

driven by hormonal fluctuations, dietary patterns, and metabolic adaptations52,53. 

These changes may have a lasting influence on infant health, given that many of the 

microorganisms initially acquired by newborns originate from the maternal gut. 

Elevated levels of hormones such as estrogen and progesterone during pregnancy 

have been associated with alterations in maternal gut microbial composition and 

diversity53,54. For instance, increased progesterone levels have been shown to 

stimulate growth of Bifidobacterium, a genus crucial for maintaining gut homeostasis 

and supporting early immune development55. Notably, Bifidobacterium species are 

among the most frequently shared microbes in mother–infant pairs and play a key 

role in immune maturation and early-life immunological imprinting56. 

Maternal diet is another critical determinant of gut microbiome composition, with 

high-fat or high-sugar diets commonly linked to reduced microbial diversity and a 

higher abundance of pro-inflammatory taxa57,58. Such obesogenic patterns can pose 

risks for both maternal and offspring metabolic health. In contrast, diets rich in fruits, 

vegetables, and other fiber sources are correlated with more favorable maternal gut 

microbiota profiles  which can in turn be reflected in the infant’s gut microbiome as 

early as two months postpartum59. 

Among the taxa that are most commonly found in both mothers and infants are 

Bacteroides spp., Phocaeicola spp., and Bifidobacterium spp35,38,60. These microbes 

are pivotal for the infant’s gut development and immune system maturation61–63. 

Several studies have demonstrated that maternal strains of these bacteria may 

persist in the infant gut for months to years, with vertical transmission efficiency 

varying among species35,36,38,60,64. Indeed, it has been estimated that a substantial 

proportion (40-70%) of the infant’s gut microbiome can be traced back to maternal 

sources, highlighting the maternal gut as a primary reservoir for microbial 

colonization46,65. However, it is important to note that these estimates are largely 
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based on sequence-based strain-tracking approaches, which are prone to false 

positives due to limited resolution in distinguishing closely related strains. 

Although species from these genera are frequently transferred, strain-level 

differences can significantly affect which variants successfully establish in the infant 

gut. For example, in the case of Bacteroides uniformis, a strain that is not the most 

dominant representative of the species in the mother may become dominant in the 

infant due to possessing advantageous genetic features, such as a starch utilization 

cluster38. Furthermore, differences in Bifidobacterium longum between adult (B. 

longum subsp. longum) and infant (Bifidobacterium longum subsp. infantis) strains 

were reported, with those isolated from infants being capable of utilising human milk 

oligosaccharides whereas adult-derived strains were better adapted to fermenting 

plant oligosaccharides19. Moreover, it has been highlighted that maternally derived 

strains generally persist longer in infants compared to those acquired from other 

sources, underscoring the importance of maternal-infant microbial exchange35. 

High-resolution strain-tracking techniques have revealed complex patterns of 

microbial persistence and competition. Lou et al. demonstrated that bacterial strains 

exhibiting high persistence in infant guts, defined as those maintained across 

longitudinal samples (n = 59), were characterised by the enrichment of genes 

associated with carbohydrate metabolism, adhesion mechanisms, and iron uptake 

systems66. Certain maternal strains become established in the infant gut, while 

others are gradually outcompeted by strains from the environment or other external 

sources37,67,68. This selective transfer and persistence of specific strains may reflect 

an evolutionary adaptation that favors functionally beneficial microbes, especially 

those adept at metabolising breast milk-derived compounds or modulating infant 

immune responses in early life56,67. Together, these findings highlight the maternal 

gut microbiome as a central reservoir for the infant’s initial microbial seeding.  
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1.3 Role of breastmilk in infant microbiome development 

Breastmilk serves as a critical source of bioactive compounds that can shape the early 

infant gut ecosystem. Its microbial composition is modulated by a range of maternal 

factors, including diet, health status, and mode of delivery69,70. Human milk 

oligosaccharides (HMOs), in particular, act as selective prebiotics by promoting the 

growth of beneficial bacteria such as Bifidobacterium while inhibiting pathogenic 

species71–73. 

Recent investigations have revealed diverse bacterial communities in breastmilk, 

often dominated by Staphylococcus, Streptococcus, and Corynebacterium, with lower 

levels of Bifidobacterium compared to other taxa74,75. Although the composition of 

breastmilk can shift during the transition from colostrum to mature milk76,77, 

Mastromatina et al. reported no significant differences in the counts of Lactobacillus 

or Bifidobacterium between these two stages78. Other studies likewise suggest that 

the breastmilk microbiome remains relatively stable over time79–81. Notably, one 

study reported that up to 27% of the infant gut microbiota during the first month of 

life can be traced back to breastmilk, though it should be noted that this study was 

conducted using 16S rRNA amplicon sequencing which limits the taxonomic 

resolution to species level81. Specific strain-level transmissions have also been 

documented. For instance, Benito et al. reported that Staphylococcus aureus strains 

were transferred from mothers to infants in 4 out of 21 cases82. Furthermore, Makino 

et al. used multi-locus sequence typing to investigate transmission of Bifidobacterium 

species and identified strain-level matches in 16 of 18 mother-infant pairs83. 

Specifically, they observed identical strains in 3 of 18 pairs for B. bifidum, 11 of 18 for 

B. breve, and 4 of 18 for B. longum subsp. longum. Although similar Lactobacillus 

phylotypes have been detected in both breastmilk and infant feces, evidence for 

Bifidobacterium phylotype matching appears less consistent84,85. Most comparative 

analyses of breastmilk and infant gut microbiota focus on overall community profiles 

rather than fine-scale strain resolution74,86,87.  

Breastfeeding itself substantially influences the composition and diversity of the 

infant gut microbiome. Ma et al. found that exclusively breast-fed infants had lower 

alpha diversity at 40 days of age than formula-fed counterparts but significantly 
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higher abundances of Bifidobacterium and Bacteroides, alongside reduced 

Streptococcus and Enterococcus88. In cases where cesarean-delivered infants exhibit 

Bifidobacterium-depleted profiles, breastfeeding can partially restore these 

communities89. This restorative effect is likely mediated through the provision of 

HMOs, which selectively enrich beneficial bacterial taxa. Despite recent progress, 

further research employing high-resolution strain-level tracking is needed to 

illuminate the specific mechanisms and evolutionary pressures that govern microbial 

transfer via breastmilk, as well as the long-term health implications for the child. 

 

1.4 Maternal Vaginal Microbiome and Its Contribution to Infant Gut 

Colonisation 

The maternal vaginal microbiome is characterised by its predominance of 

Lactobacillus species - most commonly Lactobacillus crispatus, Lactobacillus iners, 

Lactobacillus gasseri, and Lactobacillus jensenii - which help maintain a low pH and 

protect against pathogenic invasion16,17,90. Although this community has been 

hypothesised to contribute to infant gut colonisation in vaginal deliveries, evidence 

so far suggests that the extent of vaginal-to-gut microbial transmission is relatively 

modest and often transient35,36,91,92. For example, Ferretti et al. reported that 16.3% 

of the infant gut microbiome at delivery could be traced to maternal vaginal sources, 

with Lactobacillus species dominating these transferred taxa; however, these 

organisms were largely lost by day four of life35. Mitchell et al. found no significant 

evidence of transmission from the maternal vaginal microbiota to the infant gut, with 

only 1 out of 75 mother-infant pairs sharing a Lactobacillus crispatus strain at the 1-

week timepoint92. Similarly, our own findings indicate that out of 135 strain-level 

transmissions, only 8 strains were transmitted from the maternal vaginal tract to the 

infant gut, comprising 6 strains of Bifidobacterium breve, 1 strain of Lactobacillus 

gasseri, and 1 strain of Lactobacillus paragasseri36. More recently, Santos et al. 

showed that the composition of the maternal vaginal microbiome at delivery does 

not notably affect the infant stool microbiome, nor does it significantly alter the 

trajectory of microbial development in the early postnatal period91. 
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While some Lactobacillus and Bifidobacterium strains that transfer from the vaginal 

environment can persist, or at least be transiently present in the infant gut, these 

species generally do not establish stable, long-term communities compared to gut-

derived maternal strains. Despite this, delivery mode can exert a marked influence 

on the number and type of maternally transferred strains, particularly in the early 

days of life38,92. Cesarean (C-) section, for instance, reduces direct exposure to vaginal 

microbes and may thus alter initial colonisation patterns. Further research is needed 

to elucidate the specific selective pressures ranging from nutrient availability in the 

infant gut to local immune responses that determine whether and how vaginal 

microbes modulate the neonatal microbiome. 

 

1.5 Maternal Oral and Skin Microbiomes: Additional Routes of 

Microbial Transmission 

Although the maternal gut is often viewed as the primary reservoir for early infant 

microbial seeding, maternal oral and skin microbiomes also contribute to shaping the 

neonatal microbiota. In a study of 25 mother-infant pairs, Ferretti et al. reported that, 

on average, 11.2% and 5.8% of the infant gut microbiota at one and three days 

postpartum comprised species also found in the maternal oral and skin microbiomes, 

respectively, compared to 22.1% from the maternal gut35. However, these figures 

represent the percentage of shared species between mother and infant, not strain-

level transmissions, and are limited to very early postnatal timepoints. Kageyama et 

al., using 16S rRNA gene sequencing, reported similar proportions of oral species 

sharing (approximately 9.7%).93 Oral colonisation in infants begins at birth, coinciding 

with the rupture of the amniotic membrane, and is typically dominated by 

Streptococcus and Staphylococcus94,95. 

Recent findings suggest that the similarity between maternal and infant oral 

microbiomes can increase over the first six months, potentially influenced by dietary 

changes and the eruption of primary teeth96. Feeding practices also seem to shape 

oral microbial similarity; Kageyama et al. reported less resemblance between 

breastfed infants and their mothers compared to formula-fed 
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infants93. Streptococcus, Staphylococcus, Gemella, Rothia, and Veillonella are among 

the most commonly shared genera in breastmilk and maternal-child oral 

microbiomes97. However, in our previous study, we detected only minimal (1 out of 

135) strain-level transmission (Veillonella parvula) between mother and infant at 1-

month, indicating that instances of oral microbiome transfer are relatively rare36. 

 

Maternal skin also represents a potential source of infant microbial colonisation. At 

birth, the neonate’s skin is seeded primarily by strains belonging to Staphylococcus 

and Lactobacillus98–100, which are gradually replaced 

by Acinetobacter, Streptococcus, Veillonella, Bifidobacterium, and Enhydrobacter as 

the infant ages101. Even in later childhood, skin microbial communities in specific sites 

remain more similar to those of the mother than to unrelated individuals102. In 

addition, the areolar skin microbiome influences the composition of human milk, and 

an estimated 10.4% of breastmilk bacterial communities may derive from the areolar 

skin during the first month of lactation81. 

Various factors including antibiotic exposure, delivery mode, and breastfeeding 

practices can modulate this early skin colonisation process and have long-term health 

consequences101,103. Some studies indicate that prenatal and postnatal probiotic 

supplementation can reduce the risk of pediatric atopic dermatitis104, although such 

supplementation does not necessarily benefit established atopic dermatitis cases105. 

These findings highlight the significance of the initial seeding window and its 

potential influence on the gut–skin axis. Taken together, there is evidence of 

microbial overlap between maternal oral and skin niches and the infant microbiome, 

although much of the existing data is based on 16S rRNA gene amplicon sequencing, 

which limits taxonomic resolution. Therefore, strain-level metagenomic analyses are 

needed to establish definitive links. 
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1.6 Factors Influencing Maternal-Infant Strain Transmission 

The initial seeding of maternal microbes in infants is influenced by various factors, 

including delivery mode, antibiotic exposure, feeding practices, maternal diet, 

lifestyle, and environmental conditions. Studies have repeatedly shown that delivery 

mode and antibiotic use are among the most significant determinants of mother-

infant strain transmission35,36,39,47,106. Disruption of this early colonisation window 

can have lasting implications for infant immune maturation and metabolic 

programming107,108. 

1.6.1 Delivery Mode 

Vaginally delivered infants are exposed to the maternal birth canal and perianal 

regions, leading to higher initial microbial diversity compared to cesarean delivered 

infants109. In these vaginal deliveries, Bacteroides spp., Phocaeicola spp., 

and Bifidobacterium spp. are frequently transferred from mother to infant, whereas 

C-section delivered infants commonly acquire Staphylococcus epidermidis, Klebsiella 

pneumoniae, Bacteroides fragilis, and Escherichia coli. Shao et al. found that C-

section delivered infants inherit approximately 12.56% (vs 74.39% in vaginally 

delivered infants) of their microbiota from maternal strains, though the transmission 

of key taxa in the phylum Bacteroidetes is substantially impaired in these neonates64. 

Multiple studies confirm that vaginally delivered neonates initially harbor 

more Lactobacillus and Bacteroides, whereas such taxa are underrepresented in C-

section infants 110,111. Although significant microbial differences diminish by one 

month postpartum in some cohorts observed persistent distinctions at one year of 

age in the cumulative distribution of Lactobacillus, Prevotella, and Sneathia between 

infants born vaginally and those delivered by C-section69,109. Introduction of solid 

foods eventually reduces these disparities. Notably, “vaginal seeding” interventions 

where C-section infants are swabbed with vaginal fluids can partially normalize the 

microbiome trajectories in these infants112. 

This mode of delivery-associated variations extend beyond the gut. Vaginally 

delivered infants often develop skin microbiota that more closely resembles their 

mother’s vaginal community, whereas infants born by C-section display skin bacterial 

communities similar to maternal skin100. Nonetheless, these delivery-mode 
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signatures tend to wane by three months of age113. Given the immunomodulatory 

roles of Bacteroides and Bifidobacterium56,114, examining how perturbations in early 

life alter long-term health outcomes remains a critical area for future research. 

 

1.6.2 Antibiotic Exposure 

Maternal antibiotic use during pregnancy and the perinatal period can alter the 

maternal microbiome in ways that significantly affect infant colonization115,116. In 

particular, prenatal or intrapartum antibiotics can disrupt the vaginal microbiota, 

thereby reducing the transfer of beneficial taxa to the neonate117,118. Specific 

antibiotic regimens may exert differential effects; for instance, certain types of 

antibiotics have been linked to a reduction in Bifidobacterium and Lactobacillus119,120. 

Beyond immediate compositional shifts, these alterations can have lasting 

consequences. Patangia et al. reported that infants can acquire maternal and 

environmental antibiotic resistance genes (ARGs) even before they are personally 

exposed to antibiotics9. Strain transmission is often reduced when mothers receive 

antibiotics during delivery, with lower transfers 

of Bacteroides and Bifidobacterium36. Li et al. found that 72% of the infant gut 

microbiome could be traced back to maternal sources in control groups, compared 

to only 25% in infants whose mothers received antibiotics106. Furthermore, early 

exposure to antibiotics can have long-lasting effects, which are significant even at 12 

months after birth with more species persisting in the control group (21 species) 

compared to the antibiotic-treated group (2 species). Zou et al. reported decreased 

levels of Bacteroides and Bifidobacterium in the antibiotic-treated group and this 

altered microbiota resembled the resistant bacteria found in the neonatal intensive 

care unit121. These findings underscore the substantial influence of delivery mode 

and antibiotic exposure on the vertical transfer of strains from mother to infant.  
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1.7 Computational Approaches to Investigate Strain Sharing in 

Mother–Infant Microbiomes 

High-throughput sequencing has revolutionised our ability to study microbial 

communities at fine-scale resolution enabling to track specific strains across a wide 

range of settings from food microbiomes to pathogen detection in 

hospitals26,37,122,123. Traditionally, microbiologists have relied on isolated bacterial 

genomes obtained via cultivation or single colony sequencing to identify and 

characterise microbial species and strains. However, such approaches may miss a 

substantial fraction of the community, especially those microbes that are difficult to 

culture. By contrast, metagenomic sequencing (shotgun sequencing of all microbial 

DNA in a sample) captures a broader range of organisms, including those not 

culturable with standard techniques. This approach is especially relevant for studying 

maternal–infant microbiomes, which typically exhibit a high diversity of taxa that 

may vary considerably among individuals and across body sites1.  

Shotgun metagenomic sequencing generates short DNA reads typically ranging from 

150-300 base pairs in length representing the genome content of the whole 

community. These reads are further analysed using various downstream methods. 

With read-based approaches, we can directly analyse the DNA sequences to identify 

strain-level variations without the need for genome assembly. These methods 

typically involve mapping reads to reference genomes or species-specific marker 

genes to compare single nucleotide polymorphism (SNP) patterns. Tools like 

StrainPhlAn and PanPhlAn have emerged as popular choices for strain-level analysis 

using reads to track specific bacterial strains across multiple samples and determine 

their phylogenetic relationships within mother-infant pairs124–126. Such tools are less 

computationally intensive than assembly-based approaches and suited for widely 

studied microbiomes with reliable reference genomes and marker gene sets. 

In assembly-based pipelines, sequencing reads are assembled into contiguous 

sequences (contigs) and then are binned and annotated using tools to identify 

genomic and functional differences at strain-level resolution. Common assemblers 

include MEGAHIT, SPAdes, and IDBA-UD that are developed to handle complex 

metagenomic datasets127–129. However, strains present at low-abundance or with 
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uneven coverage can be difficult to reconstruct in datasets from high-diversity 

samples such as gut microbiome. Furthermore, these contigs are grouped together 

based on the sequence composition and coverage patterns using binning tools like 

MetaBAT, MaxBin, or CONCOCT130–132. These bins, now called metagenome 

assembled genomes (MAGs), represent individual genomes or strains and can then 

be assessed for quality and completeness using tools like CheckM133.  

After reconstructing MAGs from metagenomic samples, these can be compared at 

strain-level resolution using genomic similarity metrics (average nucleotide identity - 

ANI) to compare the entire genomes in paired samples.  Additional functional 

annotation of these genomes using tools like PROKKA or eggNOG-mapper provides 

insights into the metabolic capabilities of the strains.  This comparative genomic 

analysis can reveal strain-specific features, including unique genes, metabolic 

pathways, and virulence factors. For example, certain HMO utilisation genes may be 

identified that could influence host-microbe interactions in the context of driving 

mother-infant strain sharing134,135.  

Strain diversity within a particular species can be comprehensively studied using pan 

genome approaches that analyse the core genome (genes present in all strains) and 

accessory genome (genes present in some strains) which can reveal functional 

adaptations and evolutionary relationships between strains. Tools like Roary and 

Panaroo can efficiently construct pan-genomes from multiple strains, identifying core 

and accessory genes that may contribute to colonisation success136,137. This analysis 

is particularly valuable for understanding how different strains of the same species 

adapt to various host environments and how these adaptations might influence 

vertical transmission patterns between mothers and infants. 

Furthermore, tools like InStrain have enabled us to profile and identify strain-level 

genetic variations across metagenomic samples with high precision and also for 

samples without reference genomes using MAGs37. This tool integrates population 

genetics metrics with genome-wide coverage analysis to detect subtle genomic 

differences between closely related strains. When applied to mother-infant pairs, 

InStrain can reveal fine-scale evolutionary dynamics and transmission patterns that 
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can reveal how bacterial populations adapt and diversify during vertical transfer from 

mother to child. 

 

1.8 Conclusion 

The mother-infant microbiome interface has emerged as a pivotal area of research 

in early-life health and development. Research so far have established that the 

maternal gut microbiome is the major reservoir for initial microbial seeding; 

however, other maternal niches including the vaginal, breastmilk, oral, and skin 

microbiomes contribute to the infant's microbiome development35,36,38,93. These 

diverse and sometimes transient microbial inputs highlight the complexity of vertical 

transmission and underscore the need to examine each route of transfer. It is well 

established that maternal and environmental factors such as delivery mode, 

antibiotic use, diet, and lifestyle can all modulate strain sharing, with potentially 

lifelong ramifications for infant health9,59,111,119. 

Several factors modulate the efficiency and persistence of vertical transmission. 

Depending on the delivery mode, whether vaginal or caesarean section, the infant’s 

initial microbial exposure changes leading to distinct microbial profiles that may last 

for weeks or months64,111. Antibiotics use significantly diminish key taxa such as 

Bifidobacterium and Bacteroides, and foster expansion of resistant or opportunistic 

species36,120,121. Although many initial imbalances seem to diminish with age, certain 

variations in microbial composition and function may persist, potentially impacting 

long-term immune and metabolic health outcomes. 

Technological advancements have substantially enhanced the resolution at which we 

can investigate these complex interactions. High-throughput sequencing, particularly 

shotgun metagenomics, allows examination of microbial DNA from clinical or 

environmental samples without the need for culturing26. Computational approaches 

now permit identification of strain-level variation to identify specific single 

nucleotide polymorphisms (SNPs) and track individual strains37,126. Furthermore, 

pangenomic methods offer deeper insights into core and accessory genes, 
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highlighting which genetic features might give certain strains a competitive edge in 

the infant gut136,137. 

Emerging evidence indicates that microbial functionality, rather than mere 

abundance, may shape vertical transmission patterns38. Strains equipped with 

advantageous traits such as the ability to utilise human milk oligosaccharides or 

adhere effectively to the gut epithelium may have a better chance of persisting in the 

infant’s gut66. Understanding these functional traits is critical to developing targeted 

interventions for restoring optimal microbial profiles in vulnerable groups, including 

preterm or caesarean-delivered infants who may not experience normal microbial 

seeding. 

Ultimately, the complex interplay between mother and infants, and external factors 

underscores the need for longitudinal investigations that combine high-resolution 

sequencing with well-characterised clinical data. This thesis aims to advance our 

understanding of these maternal–infant microbiome dynamics by (i) employing 

cutting-edge bioinformatic strategies to pinpoint strain-level transmission events, (ii) 

investigating functional genes that underpin the establishment and persistence of 

key microbial species, and (iii) examining how these factors correlate with pregnancy 

outcomes. In the ensuing chapters, we compare different bioinformatic approaches 

for metagenomic assembly and binning, investigate into carbohydrate utilisation and 

other functional determinants driving early colonisation in the infant gut, and 

examine whether specific vaginal microbial strain profiles are linked to gestational 

outcomes. Such research holds promise for informing strategies aimed at optimising 

microbial colonisation, whether through tailored probiotic supplementation, vaginal 

seeding, or other microbiome restoration efforts. By elucidating the drivers of 

successful maternal-infant transmission at the strain level, this work may pave the 

way for interventions that help protect against adverse health outcomes and 

enhance overall well-being in early life. 
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2 Chapter 2 

Metagenomic Binning Tool Selection Substantially Impacts 

Microbiome Strain-Sharing Inferences in Mother-Infant 

Pairs 

 

This chapter has been submitted to Gut microbes journal and is currently under 

review. 

 

 

 

 

 

 

 

 

 



 41 

 

2.1 Abstract 

 

Advances in sequencing, and shotgun metagenomic sequencing in particular, have 

improved our understanding of the human microbiome, especially in the case of the 

mother-infant axis. An important aspect of this research involves the generation of 

high-quality metagenome-assembled genomes (MAGs), which are valuable for 

detailed analysis but can be challenging to recover. This study focused on comparing 

the effectiveness of two key binning tools, MetaBAT2 and MetaWRAP. We assessed 

their ability to recover MAGs from three distinct paired mother/infant metagenomic 

datasets and evaluated the impact on downstream analyses. We found that 

MetaWRAP generated more than double the number of high-quality MAGs 

compared to MetaBAT2, particularly for Bacteroides and Phocaeicola genera. A 

notable difference was found in the recovery of 16S rRNA genes, with only 6% of 

MetaBAT2 MAGs harbouring the gene versus 16.5% of MetaWRAP MAGs. 

Additionally, MAGs from MetaWRAP uncovered antimicrobial resistance (AMR) 

genes in species undetected by MetaBAT2, enabling more sensitive detection of 

AMRs pertaining to clinically significant antibiotic classes such as cephalosporins and 

tetracyclines. Importantly, using a reference genome-guided approach for profiling 

strain-sharing in mother-infant pairs revealed a 25% increase in detection of sharing 

events using MetaWRAP MAGs versus MetaBAT2. The results of this investigation 

underscore the significant impact of binning tool selection in metagenomic studies 

of the human microbiome. The observed superior performance of MetaWRAP in 

generating high-quality MAGs notably enhances our understanding of the intricacies 

of microbiome structure. Importantly, these findings highlight the potential for 

analytical biases due to tool selection and the need for standardized, robust 

methodologies in metagenomic research.  
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2.2 Introduction 

Advances in sequencing technologies have led to a large expansion in human 

microbiome data. This, coupled with modern analysis tools, has profoundly enhanced 

our ability to explore microbiomes of relevance to both health and disease 1,2. 

Shotgun metagenomics stands out as the preferred method for detailed taxonomic 

and functional analysis of microbial communities 3–5. Especially when used to 

generate metagenome-assembled genomes (MAGs), shotgun metagenomics allows 

for a more nuanced comparison of the functional potential of both cultivated and 

uncultivated microbes, offering insights that are both rapid and increasingly cost-

effective. This technique becomes particularly useful in deciphering the microbial 

dynamics of the mother-infant microbiome axis. Recent reviews have underscored 

the pressing need to understand antimicrobial resistance in infants and the 

mechanisms of vertical microbial inheritance, both of which are important for 

assessing the early development of the infant's microbiome and its long-term health 

implications 6,7. 

The task of reconstructing complete or near-complete MAGs is challenging and 

influenced by factors including sequencing depth, sample diversity, and the 

methodologies of assembly and binning. The development of various tools and 

pipelines has vastly improved genome reconstruction from metagenomes 11–14, with 

the further advantage that strain-tracking tools have in turn benefited by virtue of no 

longer relying solely on marker-based databases 15. A key development in this domain 

is the InStrain tool, which can use high-quality MAGs as a dataset-specific reference 

database for strain profiling in metagenomes 15. This has the potential to not only 

enhance the accuracy of strain tracking, but also detect a broader range of microbial 

strain transfers. These advancements are vital for precise microbial analysis, 

especially in clinical settings where identifying antimicrobial resistance-associated 

determinants is critical 9,16, and where the quality and diversity of MAGs are of 

utmost importance. 
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Recent research has noted that some gene families are often absent from MAGs, 

most notably 16S rRNA and ribosomal protein genes 17–19. The former were present 

in only 7% of 270,000 high-quality MAGs 17, while the latter were missing from more 

than 20-40% of near complete MAGs analysed 19. The difficulty in reconstruction of 

16S rRNA genes most likely arises due to the presence of multiple gene copies within 

a single genome, their high sequence similarity, and ubiquitous presence across 

bacteria 18. The issue of absent ribosomal protein genes is particularly pronounced in 

fast-growing genera such as Bacteroides and has been attributed to atypical 

tetranucleotide frequencies surrounding ribosomal proteins due to their higher rate 

of translation 19. In line with this, Nelson et al. noted that genes with atypical 

tetranucleotide frequencies are often missed in MAGs 20. Moreover, Checkm, a tool 

widely used to assess genome quality, uses lineage specific marker genes that may 

label genomes as high-quality despite the absence of 16S rRNA and ribosomal protein 

genes 19,21. 

Benchmarking studies have shown that MetaWRAP outperforms MetaBAT2 in 

recovering high-quality MAGs from mock and in silico communities, showing a 23% 

increase in MAG reconstruction, mainly due to the additional refinement steps 

developed in MetaWRAP. 14,22. While these simulated datasets validate the reliability 

of such tools, they do not fully replicate the complexities inherent in real datasets, 

such as population diversity and intraspecies heterogeneity, which significantly 

influence the quality of MAG reconstruction 23. Additionally, the impact of MAG-

recovery tool selection on downstream study outcomes remains unexamined, 

particularly the quality of MAGs, the recovery rates of ribosomal marker genes, and 

further detection of antimicrobial resistance and strain transmission events. As the 

field progresses towards high-resolution, strain-resolved metagenomics, it is vital to 

understand the potential biases in microbiome data analysis methods and their 

implications for the field. 

To address these questions, we generated 20,834 MAGs from three existing mother-

infant gut metagenomic datasets using two tools to explore the effect of binning tool 

selection on MAG reconstruction and to examine its downstream impacts.  
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2.3 Results 

2.3.1 Binning Tool Selection Impacts the Number, Diversity, and Quality of 

MAGs Reconstructed from Gut Metagenomes 

We utilised three shotgun metagenomic datasets from studies involving mother-

infant pairs to compare the performance of two distinct binning tools: MetaBAT2, a 

standalone tool, and MetaWRAP, which combines three binning tools. These 

datasets were from the MicrobeMom study, focusing on an Irish cohort (n=643) 24, 

one Swedish cohort (n=300) and one Ethiopian cohort (n=50) 25,26. Using MetaBAT2 

and MetaWRAP, metagenome-assembled genomes (MAGs) were reconstructed 

from each dataset. MAGs with greater than 90% completeness and less than 5% 

contamination were classified as high-quality (HQ), while those with greater than 

50% completeness and less than 10% contamination were designated as medium 

quality (MQ) 27.  

MetaWRAP significantly outperformed MetaBAT2 in the reconstruction of MAGs 

across all datasets used in the study. In the Ethiopian (ET), MicrobeMom (MM), and 

Swedish (SWE) datasets, MetaWRAP recovered 61% (1410 vs. 873), 89% (7012 vs. 

3709), and 94% (5159 vs. 2653) more combined HQ- and MQ-MAGs than MetaBAT2 

(Fig. 2.1a). An average of 62% more MQ-MAGs were reconstructed by MetaWRAP 

compared to MetaBAT2 across the three datasets. MetaWRAP recovered 117% and 

78% more HQ-MAGs cumulatively across all datasets from mother and infant 

samples, respectively, with a mean completeness of 96% (Fig. 2.1b, Supplementary 

Table 2.1a). We also found that MetaWRAP reconstructed a greater diversity of 

MAGs, with a cumulative total of 233 high-quality, more diverse species MAGs across 

all datasets compared to MetaBAT2. In all three datasets, contamination rates were 

low (mean <1%) for both sets of HQ MAGs; however, contamination was lower when 

MetaWRAP was used (mean of 0.66% compared to 0.86%) (Fig. 2.1c, Supplementary 

Table 2.1b). Distinct differences between the tools were also evident in the N50 and 

number of contigs, with MetaWRAP performing significantly better with respect to 

these parameters across all datasets (Supplementary Figure 2.1a & 2.1b). For all 

downstream analyses, only high-quality MAGs were used.  
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We also investigated whether either tool reconstructed MAGs belonging to certain 

bacterial taxa more effectively. MAGs from the Bacteroides and Phocaeicola genera, 

were recovered at an approximately 7- and 8-fold higher frequency with MetaWRAP 

compared to MetaBAT2 across all datasets (Figure 2.1d). Additionally, the 

Bifidobacterium and Agathobacter genera also showed notable differences, with 

MetaWRAP recovering roughly twice as many MAGs as MetaBAT2. Further 

comparison of the HQ-MAGs reconstructed by MetaWRAP to both the MQ- and HQ-

MAGs from MetaBAT2 revealed that there were MAGs reconstructed by MetaWRAP 

which had no equivalent MetaBAT2 MAG (MetaWRAP-exclusive MAGs). MAGs were 

considered MetaWRAP-exclusive if there was no MAG of the same species 

reconstructed from the same sample by MetaBAT2. Within the SWE dataset 80.3% 

(n = 167) of Bacteroides and 86.1% (n = 87) of Phocaeicola were MetaWRAP-

exclusive, whilst in the MM dataset this MetaWRAP-exclusivity was 77.7% (n = 139) 

and 83.8% (n = 161) for Bacteroides and Phocaeicola, respectively. (Supplementary 

Figure 2.1c). Additionally, on average, 43% of high-quality Bifidobacterium MAGs 

derived from MetaWRAP in the SWE and MM cohorts lacked any counterpart in 

MetaBAT2, whether medium- or high-quality. We hypothesised that this discrepancy 

in recovery was linked to sequencing depth variations for these genera, but no 

significant differences were observed (Supplementary Figure 2.1d). Taken together, 

MetaWRAP was able to reconstruct approximately twice the number of high-quality 

MAGs when compared to MetaBAT2, while also improving on genome completeness 

and reducing contamination. 
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a) 

 

b)        c) 
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d) 

 

Figure 2.1. Comparison of MAGs recovered by MetaBAT2 and MetaWRAP. a. Barplots 

showing the number of MAGs recovered from each sample type and dataset, also 

shown are the percentage of MAGs from each dataset-binner combination stratified 

by quality and sample source. b, c. The completeness and contamination values of 

MAGs across three datasets represented as boxplots. Orange shaded regions 

representing the completeness and contamination values for high-quality MAGs. The 

significant differences between the tools, as determined by Wilcoxon test, are 

indicated by asterisks. d. Barplots representing the number of high-quality MAGs 

recovered per genus by each tool. The values on each bar represents the MAGs 

recovered in each category. 
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a)                                                                           b) 
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d)  

 

Supplementary Figure 2.1. a, b. Boxplots showing the number of contigs and N50 

values of MAGs across three datasets. The significant differences between the tools 

were indicated by asterisks. c. Bar plots represents the high-quality MAGs recovered 

by MetaWRAP and how they are classified by MetaBAT2 d. Barplots showing the 

number of high-quality MAGs recovered at various sequencing depth across different 

genera. 
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Supplementary Table 2.1a | Mean completeness values of MAGs 

Tool Dataset Quality mean 

Metabat Ethiopian High-quality 95.4303944 

Metabat Ethiopian Medium-quality 75.0967375 

Metabat Microbemom High-quality 95.8840036 

Metabat Microbemom Medium-quality 74.3655847 

Metabat Swedish High-quality 96.5307516 

Metabat Swedish Medium-quality 74.9334395 

Metawrap Ethiopian High-quality 95.8202105 

Metawrap Ethiopian Medium-quality 72.3849262 

Metawrap Microbemom High-quality 96.5305367 

Metawrap Microbemom Medium-quality 71.0823815 

Metawrap Swedish High-quality 97.0846439 

Metawrap Swedish Medium-quality 73.1666099 

 

Supplementary Table 2.1b | Mean contamination values of MAGs 

Binner Dataset Quality mean 

Metabat Ethiopian High-quality 0.88769014 

Metabat Ethiopian Medium-quality 1.67839768 

Metabat Microbemom High-quality 0.99969249 

Metabat Microbemom Medium-quality 1.84387017 

Metabat Swedish High-quality 0.70185397 

Metabat Swedish Medium-quality 1.50848726 

Metawrap Ethiopian High-quality 0.67732481 

Metawrap Ethiopian Medium-quality 1.44739329 

Metawrap Microbemom High-quality 0.73051262 

Metawrap Microbemom Medium-quality 1.80129004 

Metawrap Swedish High-quality 0.59200689 

Metawrap Swedish Medium-quality 1.50274148 
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2.3.2 Binning Tool Selection Impacts Ribosomal Gene Reconstruction 

To assess the recovery rates of 16S rRNA genes within MAGs, we investigated the 

presence of at least one 16S rRNA gene in common HQ-MAGs, i.e., MAGs from the 

same species and sample that were reconstructed by both MetaWRAP and 

MetaBAT2. For the ET, MM, and SWE datasets, the recovery rates of 16S rRNA genes 

by MetaBAT2 were relatively low: 8.7% (31/356), 6.4% (106/1656), and 5.03% 

(68/1351), respectively (Figure 2.2a). On the other hand, MetaWRAP showed a 

notable improvement in recovery rates: 19.3% (69/356), 20.5% (340/1656), and 9.7% 

(132/1351), respectively. 

The difference between the two tools was especially noticeable for MAGs from the 

Bacteroidota and Bacillota phyla, with MetaWRAP recovering approximately four- 

and two-fold, respectively, as many MAGs containing at least one 16S rRNA gene 

relative to MetaBAT2 and comparable numbers were also observed in MetaWRAP-

exclusive MAGs. We found the 16S rRNA gene in 14.1% (44/310), 17.4% (307/1756), 

and 10.3% (170/1650) of the MAGs in the ET, MM, and SWE datasets, respectively 

(Supplementary Figure 2.2a). 

To assess the distribution of genes encoding other core ribosomal proteins across the 

three datasets, we again used the common HQ-MAGs and found similar results to 

when 16S rRNA gene profiles were assessed (Fig. 2.2b). More specifically, MetaWRAP 

was particularly effective, recovering around 10% more MAGs with at least 90% of 

core ribosomal proteins (38/42) on average across the datasets. Additionally, about 

80% of the MetaWRAP-specific MAGs contained >90% of these core proteins 

(Supplementary Figure 2.2b), highlighting MetaWRAP's ability to recover high-quality 

MAGs with ribosomal marker genes more effectively than MetaBAT2. 
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a) 

 

b) 

 

Figure 2.2. Comparison of ribosomal gene recovery in MAGs reconstructed by both 

MetaWRAP and MetaBAT2. a. Barplots comparing the number of MAGs containing 

at least one 16S rRNA gene across different phyla. b. Grouped barplots showing the 
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presence of core ribosomal protein genes across three datasets in the most abundant 

phyla. The values on each bar represent the number of MAGs and its proportion in 

each category. 

a) 

 

b) 
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Supplementary Figure 2.2.  a. Barplots showing the presence of 16S rRNA gene in 

high-quality MAGs exclusively recovered by MetaWRAP and MetaBAT2 across three 

datasets. b. Distribution of core ribosomal proteins in high-quality MAGs recovered 

by MetaWRAP and MetaBAT2 across multiple phyla represented as barplots. 

 

2.3.3 Binning Tool Selection Impacts the Efficiency of Antibiotic Resistance 

Gene Detection 

Next, we examined the antimicrobial resistance (AMR) gene profiles within common 

MAGs across the three datasets. We found 55 more AMR genes from 17 species in 

the MM dataset, and 23 additional AMR genes from 8 species in the SWE dataset, 

that were exclusively detected in MetaWRAP MAGs and not in those generated using 

MetaBAT2 (Figure 2.3a). In particular, MetaWRAP MAGs from the species 

Agathobacter rectalis and Bifidobacterium adolescentis generated from the MM 

dataset revealed an additional 15 and 10 AMR genes, respectively, compared to 

MetaBAT2. While, 13 more AMR genes were identified in Escherichia flexneri from 

the Ethiopian MetaWRAP MAGs. 

Assessing the broader impact of the MetaWRAP-specific MAGs on AMR gene 

detection at the genome level, we reconstructed the resistome profiles for gut 

bacterial genera with at least 100 MAGs across all three datasets. MetaWRAP-specific 

MAGs from the Bacteroides genus contributed to a more comprehensive detection 

of AMR genes, with significant increases observed in the number of cephalosporin- 

(24-fold increase from 6 to 151 genes, and 7.5-fold increase from 18 to 147 genes) 

and tetracycline- (7-fold increase from 6 to 47 genes, and 1.6-fold increase from 13 

to 34 genes) resistance genes in the MM and SWE datasets, respectively compared 

to MetaBAT2 MAGs (Figures 2.3b & 2.3c). Additionally, MetaWRAP-derived 

Bifidobacterium MAGs contained twice as many genes related to mupirocin and 

rifamycin resistance across all three datasets compared to their MetaBAT2-derived 

counterparts (Figures 2.3b. & 2.3c, Supplementary Figure 2.3). These differences 

were also observed in the genus Escherichia, particularly with respect to the 

fluoroquinolone and cephalosporin classes. Within the MM dataset, approximately 

100 additional AMR genes were identified in each class, whereas the SWE dataset 
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revealed about 300 more genes in each class (Supplementary Tables 2.2a & 2.2b). 

These findings reveal MetaWRAP's improved efficiency in recovering MAGs with 

AMR genes relative to MetaBAT2, thereby providing a better understanding of the 

gut resistome. 

a) 
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b) 

 

c) 

 

Figure 2.3. Comparison of antimicrobial resistance determinant detection in MAGs 

recovered by MetaWRAP and MetaBAT2. a. Barplots faceted by dataset showing the 

AMR genes detected in common MAGs per species – only genes with >5% difference 

are plotted. b, c. Heatmaps showing the AMR genes detected in bacterial genera with 

at least 100 MAGs in the (b) MicrobeMom and (c) Swedish datasets. The barplot on 

the right indicates the number of MAGs recovered in the corresponding species by 

each tool. The colour strip on the top represents the binning tool, and the bottom 

strip indicates the antimicrobial resistance classes. 
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Supplementary Figure 2.3. Comparison of antimicrobial resistance detections in 

MAGs recovered by MetaWRAP and MetaBAT2. Heatmap showing the AMR genes 

detected in common gut bacterial genera from Ethiopian cohort. The barplot on the 

right indicates the number of MAGs recovered in the corresponding species by each 

tool. The colour strip on the top represents the binning tool and the bottom strip 

indicates the antimicrobial resistance classes.  

Supplementary Table 2.2a | Antibiotic resistance gene counts per genera in 

Microbemom dataset 

Genera Binner AMR class n 

Bacteroides MetaBAT2 aminoglycoside 2 

Bacteroides MetaBAT2 cephalosporin 6 

Bacteroides MetaBAT2 cephamycin 3 

Bacteroides MetaBAT2 glycylcycline 1 

Bacteroides MetaBAT2 lincosamide 4 

Bacteroides MetaBAT2 tetracycline 6 

Bacteroides MetaWRAP aminoglycoside 10 

Bacteroides MetaWRAP carbapenem 3 

Bacteroides MetaWRAP cephalosporin 151 

Bacteroides MetaWRAP cephamycin 32 

Bacteroides MetaWRAP glycylcycline 7 

Bacteroides MetaWRAP lincosamide 24 

Bacteroides MetaWRAP macrolide 16 

Bacteroides MetaWRAP mupirocin 1 

Bacteroides MetaWRAP nucleoside 1 

Bacteroides MetaWRAP tetracycline 47 
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Bifidobacterium MetaBAT2 diaminopyrimidine 1 

Bifidobacterium MetaBAT2 lincosamide 3 

Bifidobacterium MetaBAT2 mupirocin 108 

Bifidobacterium MetaBAT2 rifamycin 119 

Bifidobacterium MetaBAT2 tetracycline 7 

Bifidobacterium MetaWRAP aminoglycoside 6 

Bifidobacterium MetaWRAP diaminopyrimidine 3 

Bifidobacterium MetaWRAP lincosamide 8 

Bifidobacterium MetaWRAP macrolide 1 

Bifidobacterium MetaWRAP mupirocin 227 

Bifidobacterium MetaWRAP rifamycin 211 

Bifidobacterium MetaWRAP sulfonamide 2 

Bifidobacterium MetaWRAP tetracycline 15 

Escherichia MetaBAT2 acridine_dye 308 

Escherichia MetaBAT2 aminocoumarin 615 

Escherichia MetaBAT2 aminoglycoside 185 

Escherichia MetaBAT2 benzalkonium_chloride 85 

Escherichia MetaBAT2 carbapenem 86 

Escherichia MetaBAT2 cephalosporin 750 

Escherichia MetaBAT2 diaminopyrimidine 5 

Escherichia MetaBAT2 fluoroquinolone 958 

Escherichia MetaBAT2 fosfomycin 90 

Escherichia MetaBAT2 macrolide 104 

Escherichia MetaBAT2 nitroimidazole 88 

Escherichia MetaBAT2 nucleoside 5 

Escherichia MetaBAT2 peptide 436 

Escherichia MetaBAT2 sulfonamide 3 

Escherichia MetaBAT2 tetracycline 175 

Escherichia MetaWRAP acridine_dye 360 

Escherichia MetaWRAP aminocoumarin 692 

Escherichia MetaWRAP aminoglycoside 207 

Escherichia MetaWRAP benzalkonium_chloride 98 

Escherichia MetaWRAP carbapenem 100 

Escherichia MetaWRAP cephalosporin 842 

Escherichia MetaWRAP diaminopyrimidine 8 

Escherichia MetaWRAP fluoroquinolone 1089 

Escherichia MetaWRAP fosfomycin 100 

Escherichia MetaWRAP macrolide 120 

Escherichia MetaWRAP nitroimidazole 100 

Escherichia MetaWRAP nucleoside 5 

Escherichia MetaWRAP peptide 483 

Escherichia MetaWRAP sulfonamide 4 
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Escherichia MetaWRAP tetracycline 201 

 

Supplementary Table 2.2b | Antibiotic resistance gene counts per genera in 

Swedish dataset 

Genera Binner AMR class n 

Escherichia MetaWRAP fluoroquinolone 1656 

Escherichia MetaWRAP cephalosporin 1313 

Escherichia MetaBAT2 fluoroquinolone 1288 

Escherichia MetaWRAP aminocoumarin 1046 

Escherichia MetaBAT2 cephalosporin 1030 

Escherichia MetaBAT2 aminocoumarin 819 

Escherichia MetaWRAP peptide 738 

Escherichia MetaBAT2 peptide 577 

Escherichia MetaWRAP acridine_dye 553 

Escherichia MetaBAT2 acridine_dye 436 

Escherichia MetaWRAP aminoglycoside 327 

Escherichia MetaWRAP tetracycline 300 

Escherichia MetaBAT2 aminoglycoside 238 

Escherichia MetaBAT2 tetracycline 229 

Bifidobacterium MetaWRAP rifamycin 212 

Escherichia MetaWRAP macrolide 210 

Bifidobacterium MetaWRAP mupirocin 203 

Escherichia MetaBAT2 macrolide 165 

Escherichia MetaWRAP nitroimidazole 155 

Escherichia MetaWRAP benzalkonium_chloride 153 

Escherichia MetaWRAP carbapenem 153 

Escherichia MetaWRAP fosfomycin 153 

Bacteroides MetaWRAP cephalosporin 147 

Escherichia MetaBAT2 fosfomycin 121 

Escherichia MetaBAT2 nitroimidazole 121 

Escherichia MetaBAT2 benzalkonium_chloride 120 

Escherichia MetaBAT2 carbapenem 116 

Bifidobacterium MetaBAT2 rifamycin 86 

Bifidobacterium MetaBAT2 mupirocin 76 

Bacteroides MetaWRAP tetracycline 34 

Bacteroides MetaBAT2 cephalosporin 18 

Bacteroides MetaWRAP macrolide 17 

Bacteroides MetaBAT2 tetracycline 13 

Bifidobacterium MetaWRAP tetracycline 10 

Bacteroides MetaWRAP lincosamide 9 
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Bacteroides MetaWRAP cephamycin 8 

Escherichia MetaWRAP sulfonamide 7 

Bacteroides MetaWRAP aminoglycoside 6 

Escherichia MetaWRAP diaminopyrimidine 6 

Escherichia MetaBAT2 diaminopyrimidine 4 

Bacteroides MetaBAT2 macrolide 3 

Bacteroides MetaWRAP carbapenem 3 

Bacteroides MetaWRAP glycylcycline 3 

Bifidobacterium MetaBAT2 tetracycline 3 

Bifidobacterium MetaWRAP aminoglycoside 3 

Bacteroides MetaBAT2 aminoglycoside 2 

Bacteroides MetaBAT2 carbapenem 2 

Bacteroides MetaBAT2 cephamycin 2 

Bacteroides MetaBAT2 lincosamide 2 

Bacteroides MetaWRAP nucleoside 1 

Bifidobacterium MetaBAT2 aminoglycoside 1 

Bifidobacterium MetaBAT2 cephalosporin 1 

Bifidobacterium MetaBAT2 sulfonamide 1 

Bifidobacterium MetaWRAP diaminopyrimidine 1 

Bifidobacterium MetaWRAP macrolide 1 

Bifidobacterium MetaWRAP sulfonamide 1 

Escherichia MetaBAT2 nucleoside 1 

Escherichia MetaWRAP cephamycin 1 

Escherichia MetaWRAP nucleoside 1 
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2.3.4 Binning Tool Selection Impacts the Detection of Mother-Infant Strain 

Sharing Events 

Given the marked differences in MAG recovery and AMR profiling between 

MetaWRAP and MetaBAT2, we extended our investigation to the phenomenon of 

strain sharing events between paired mother-infant metagenomes. Utilizing the 

InStrain tool, we profiled strain sharing in mother-infant pairs, comparing the 

outcomes between databases constructed from representative MAGs generated by 

each binning tool for the three datasets. MetaWRAP-derived MAGs produced a more 

diverse InStrain database, yielding on average approximately 1.8 times more 

representative MAGs across all datasets than the MetaBAT2-derived database. 

Notably, there was an approximate 25% increase in detected strain-sharing events in 

MM (37 vs 47) and SWE (76 vs 95) mother-infant samples using the database 

constructed from MetaWRAP MAGs compared to MetaBAT2, while in the Ethiopian 

dataset, only 2 additional events (25 vs 27) were detected (Figure 2.4). 

Additionally, when using MetaWRAP-derived MAGs as a reference database for 

strain sharing, we found strain sharing events in species that were not identified 

using MetaBAT2 derived database. Specifically, in the Ethiopian, MicrobeMom, and 

Swedish datasets, we identified 4, 8, and 10 unique shared species, respectively. The 

majority of these additional strain sharing events in the MM (8/10) and SWE (17/19) 

datasets were from the Bacteroides and Phocaeicola genera. Of the 138 sharing 

events detected across all datasets using MetaBAT2 MAGs for reference database 

construction, 10 were missed by MetaWRAP. Notably, species such as 

Bifidobacterium pseudocatenulatum, Bacteroides cellulosilyticus and Phocaecola 

plebeius were exclusively detected when using the MetaBAT2 MAGs database in MM 

dataset. Furthermore, there was a completely distinct strain sharing profile in the 

Ethiopian cohort when compared to the Swedish and MicrobeMom cohorts with 

more uncharacterized species being shared between mother-infant pairs in ET 

(20/25) compared to SWE (5/34) and MM (0/24) samples in line with the previous 

study 25. 
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Figure 2.4. Comparison of strain sharing identified by InStrain using databases 

constructed from MAGs generated by MetaWRAP and MetaBAT2. Barplots showing 

the number of strain sharing events detected per species in each dataset by InStrain 

using MAGs from both tools.  

 

2.4 Discussion 

This work emphasises the fundamental impact of binning tool selection on research 

outcomes, as shown through the analysis of three mother-infant metagenomic 

datasets. MetaWRAP, a wrapper tool combining multiple binning algorithms with 

quality control and refinement modules, convincingly outperformed the standalone 

tool MetaBAT2 in terms of the number, quality, and diversity of reconstructed MAGs. 

It also outperformed MetaBAT2 in recovering genes traditionally underrepresented 

in MAG catalogues, namely those encoding the 16S rRNA and ribosomal proteins. 

While these are interesting findings themselves, the most important observation was 

the substantial impact MAG reconstruction had on downstream analyses, such as the 

detection of resistance determinants to clinically important antibiotics, and the 

detection of strain sharing events between mother and infant. 

Shotgun metagenomic sequencing is a robust method for exploring the human 

microbiome’s taxonomic and functional potential, including carbohydrate utilization, 

antibiotic resistance, and strain-level transmission dynamics 10,24,28. However, the 
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recovery of high-quality metagenome-assembled genomes is a challenging 

undertaking. Various tools and pipelines have been developed to produce high-

quality MAGs, but recent reports show that only about 7% of these contain the 16S 

rRNA gene 12,14,17. The assembly of these genes presents a significant challenge due 

to their redundant nature and the prevalence of multiple copies within a single 

genome, frequently resulting in incorrect assemblies 18. Additionally, high-quality 

bacterial MAGs often lack core ribosomal protein genes, especially in the 

Gammaproteobacteria class and Bacteroidota phyla, due to atypical tetranucleotide 

frequencies that are hypothesised to have arisen from the evolutionary pressures of 

fast-growing bacteria 19. These findings raise concerns about the reliability and 

consistency of high-quality MAGs for recovering ribosomal proteins and other crucial 

genes like AMR, impacting subsequent analyses. 

We noted that the additional MAGs recovered by MetaWRAP were predominantly 

from the Bacteroidota phylum, and the recovery rates of ribosomal genes followed a 

similar pattern. This could be attributed to MetaWRAP’s bin refinement and 

reassembly steps producing better assemblies, thus reducing contamination and 

enhancing completion 14. Our investigation into the sequencing depth of Bacteroides 

and Phocaeicola genera revealed no notable differences compared to other genera. 

The Bacteroidota phylum contains many fast-growing species, for example 

Bacteroides spp., suggesting that their corresponding genome sequences possess 

atypical tetranucleotide frequencies, complicating MAG recovery 19,29. MetaBAT2 

tends to split genomes into multiple bins to minimize contamination, resulting in 

lower quality MAGs, a limitation addressed by MetaWRAP's additional refinement 

steps 12,14,22. Our findings, supported by a study from Mise et al., suggest that 

evolutionary pressures in fast-growing bacteria, which have been reported to cause 

atypical tetranucleotide frequencies, make MAG recovery challenging for MetaBAT2 

19. Ultimately, our results highlight a hidden bias in microbiome data analysis, as the 

choice of binning tools can significantly affect the recovery of specific taxa MAGs, 

leading to data underrepresentation and impacting further analysis. 

An example of the importance of MAGs quality is in the detection of antimicrobial 

resistance genes. Antimicrobial resistance poses a growing threat, complicating 
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treatment as bacteria develop resistance through resistance mutations and 

horizontal gene transfer 30,31 and shotgun metagenomic sequencing is commonly 

used to study antimicrobial resistance in the human microbiome 32,33. Recent reviews 

have emphasized the importance of studying AMR in the human microbiome, 

particularly in the mother-infant axis, as early-life colonization by antibiotic-resistant 

strains can make infections harder to treat 6,34. Our previous work has indicated that 

intrapartum antibiotic use negatively impacts strain transfer between mothers and 

infants 24. Highly accurate and complete genomes are crucial for discerning subtle 

differences at the genome/strain level in AMR studies, and here we identified 78 

AMR genes in 25 species using MetaWRAP, which were not detected in the 

corresponding MetaBAT2 MAG. These differences in AMR detection can be 

attributed to MetaWRAP's ability to recover MAGs with higher completeness, thus 

facilitating the identification of additional antibiotic resistance genes. 

When reconstructing AMR profiles using MetaWRAP-derived MAGs, we observed 

significant differences in AMR detection, identifying more strains in the gut 

microbiome that harbour AMR determinants. It is particularly concerning to note the 

increased AMR genes in Bacteroides spp., as Bacteroides fragilis is a common gut 

commensal but also among the most pathogenic taxa in this group, with increasing 

resistance to cephalosporins, commonly used during pregnancy 35,36. Conversely, the 

Bifidobacterium genus, known for its beneficial species, showed more AMR genes 

related to the mupirocin and rifamycin antibiotic classes. Previous studies have 

reported that species in this genus exhibit widespread resistance to mupirocin and 

this antibiotic is widely used as a selective agent when isolating Bifidobacterium from 

faecal samples 37. Given that Bifidobacterium is generally considered safe 38 and 

naturally resistant to certain antibiotics like rifamycin, strains of bifidobacteria, and 

especially those with probiotic properties, have been suggested for use alongside 

antibiotic treatments to mitigate side effects 39. Our findings underscore an improved 

detection of antibiotic resistance genes in MetaWRAP MAGs in mother-infant 

samples, providing valuable insights into the structure of the human gut resistome.  

Strain tracking, a key aspect of microbiome studies, is crucial for understanding 

transmission dynamics in various settings, such as monitoring the spread of virulent 
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strains in hospitals, or vertical transfer events in mother-infant pairs 40–42. The quality 

of MAG databases for reference genome-based strain tracking is critical for 

accurately capturing a complete set of sharing events. Using the improved set of 

MAGs reconstructed by MetaWRAP resulted in a 25% increase in sharing events 

detected in the MicrobeMom and Swedish datasets. This improvement can be 

attributed to (i) the recovery of high-quality MAGs of specific species exclusively by 

MetaWRAP, leading to the identification of uniquely shared species, and (ii) a higher 

diversity of MAGs from the same species recovered by MetaWRAP, resulting in more 

species subgroups (groups of genomes with > 98% ANI) in the reference database, 

thereby improving real alignments and SNV profiling. For example, in the Swedish 

dataset, MetaWRAP recovered seven Bacteroides ovatus representative genomes 

compared to only one by MetaBAT2, enabling the capture of a wider range of strains 

from the same species. However, ten strain sharing events were identified using the 

MetaBAT2 database which are not detected with MetaWRAP database. Further 

investigation showed that the increased genome size of the more complete 

MetaWRAP MAGs led to more bases being compared between samples than using 

the MetaBAT2 MAGs, causing borderline sharing events to fall below the cutoffs. For 

instance, Bifidobacterium pseudocatenulatum sharing events were detected in the 

MicrobeMom dataset using MetaBAT2 MAGs as a reference, but not when using the 

MetaWRAP MAGs. The B. pseudocatenulatum MetaWRAP MAG used as the 

reference was 2.13 megabase pairs (Mbp) in length whereas the MetaBAT2 MAG size 

was 2.04 Mbp. This 90 kilobase pairs difference reduced the percentage of genome 

being compared from 53% to < 50% which falls below the recommended threshold 

(50%). It is evident that a higher number of high-quality MAGs facilitates a greater 

strain sharing detection rate in mother-infant pairs while at the same time reducing 

identification of false-positive sharing events. This is particularly important when 

tracking strains in clinical samples where high accuracy is needed 43. Overall, this 

finding is highly interesting, further underscoring the importance of tool selection in 

accurately tracing microbial transmissions. 

Taken together, this work not only highlights the importance of tool selection in 

metagenomic data analysis but also emphasizes the need to compare and 
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standardize a wide range of tools for future studies, incorporating isolate genomes 

and long-read datasets as sequencing technologies continue to advance rapidly. 

While these MAGs are high-quality draft genomes, they may not have incorporated 

particular genes that are present in these microorganisms, yet still offer valuable 

strain-level insights at metagenomic scale in a relatively rapid and efficient manner. 

This study underlines the importance of tool selection in obtaining accurate and 

comprehensive insights into microbial structure. 

  

2.5 Methods 

2.5.1 Reconstruction of metagenome assembled genomes 

Raw metagenomic sequencing reads of MicrobeMom (PRJEB48251), Swedish 

(PRJNA504891) and Ethiopian (PRJEB6456) samples were downloaded from 

European Nucleotide Archive. Quality filtering and host contamination removal was 

performed using read_qc module of MetaWRAP (v 1.2.1) 14,44–46 with default options. 

The contigs were assembled using the MetaWRAP assembly module with 

metaspades option 47,48. The MetaWRAP MAGs were reconstructed using the binning 

module with three binning algorithms - MetaBAT2, MaxBin2 and Concoct, and the 

resulting bins with >50% completeness and <10% contamination were refined and 

reassembled using MetaWRAP’s bin_refinement and reassemble_bins modules with 

default options 11–13. The MetaBAT2 MAGs were reconstructed using quality filtered 

reads with MetaBAT2 (v 2.12.1).  

2.5.2 Taxonomy and MAGs quality metrics 

MAG quality was assessed with CheckM (v 1.0.18) 21 Based on the standards 

recommended by Bowers et al. MAGs with >90% completeness & <5% contamination 

were considered as high-quality, and those with >50% completeness & <10% 

contamination were considered medium quality 27. All other MAGs not meeting these 

criteria were discarded. Statistical tests were performed in R (v 4.3.1) 49. Wilcoxon 

test from ggsignif package (v 0.6.4) 50 was used to determine the significant 

differences between tools with a p-value threshold of 0.05. Assembly quality metrics 

were determined using Seqkit (v 1.4) 51, and GTDB-TK (v 1.5.0) with reference 
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database (v r202) was used to assign taxonomy to each MAG 52,53. The sequencing 

depth for each MAG was determined by mapping metagenomic reads of each sample 

using BBMap (v 38.22)54.  

2.5.3 Identification of ribosomal genes, AMR and strain sharing events 

Prodigal was used to predict the coding sequences from each MAG 55. The 16S rRNA 

genes were identified from high quality MAGs using Barrnap (v 0.9) 56. The 42 core 

ribosomal protein genes described in Mise et al. was used as a database for 

KofamScan (v 1.3.0) to identify these genes in MAGs 19,57. Antimicrobial resistance 

genes were identified using Abricate (v 1.0.1) with the CARD database 58,59. Strain 

sharing events were identified using InStrain (v 1.8.0) with quality filtered 

metagenomic reads as input 15. High quality MAGs were used to construct the 

InStrain database after dereplication of MAGs at 98% identity using dRep (v 3.2.0) 60. 

Bowtie2 (v 2.4.4) was used to map the metagenomic reads to the MAG database 61.  

The thresholds of 99.999% popANI and 50% reference genome coverage 

recommended by InStrain authors were used to identify strain sharing events.   

2.6 Data availability 

No new data were generated as part of this study, and previously published publicly 

available data were used for the analysis. The analysis scripts used in this study are 

available at https://github.com/Metagymomics/MetaBAT2vsMetaWRAP. 
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Enrichment of Human Milk Oligosaccharide Utilisation 

Genes in Bacteria Shared Between Mothers and Infants 
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3.1 Abstract 

The establishment of the infant gut microbiome is influenced by several factors 

including maternal microbial transfer and infant diet. Studies have shown that human 

milk oligosaccharides (HMOs) in breast milk can enrich bacteria such as 

Bifidobacterium and Bacteroides in the neonatal gut. The genetic makeup of bacterial 

strains, especially when their genome contains genes involved in HMO metabolism, 

may play a crucial role in not only determining which strains are successfully 

transmitted from mother to infant, but also their ability to persist within the infant 

gut. We explored this phenomenon through a metagenomics-based analysis of 

samples collected 3-months postpartum from a mother-infant dyad cohort. Using 

metagenome assembled genomes and microdiversity-aware strain-level profiling, we 

found that Phocaeicola vulgatus, Phocaeicola dorei, Bacteroides uniformis and 

Bifidobacterium bifidum were frequently shared between mother-infant dyads 

despite not being among the dominant species in samples collected from mothers. 

These shared species were also predicted to possess a higher number of HMO-

related GHs with signal peptides when compared to other maternal microbes. Our 

analysis indicates that bacterial strains encoding secreted HMO utilisation enzymes 

are more likely to be transferred from mother to infant. Overall, our study provides 

insights into the genetic factors that play a determining role in bacterial strain 

transmission among mother-infant pairs.  
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3.2 Introduction 

The seeding and establishment of the infant gut microbiome has the potential to 

influence long-term health outcomes1–4. This microbial ecosystem is believed to play 

pivotal roles in immune system maturation, pathogen protection and nutrient 

utilisation5–7, and perturbations in the early life gut microbiome have been associated 

with various adverse health outcomes including asthma, metabolic disorders and 

allergies8–12. The composition of the gut microbiome, particularly the dominance of 

Bifidobacterium and Bacteroides species, is well documented and these 

microorganisms are generally believed to be primarily acquired through vertical 

transmission from mother to infant13–18. However, the factors that influence which 

bacterial strains successfully transfer and colonise the infant gut require further 

elucidation.  

Diet is one of the major factors impacting gut-associated microbial communities, with 

the typical infant diet predominantly consisting of human milk, which contains 

complex human milk oligosaccharides (HMOs) that are known to influence gut 

microbiome composition by selectively feeding certain bacterial species19–21. In some 

instances, the ability to directly or indirectly utilise HMOs varies between strains of 

the same species, indicating that strain-level differences in their genetic makeup 

influence their ability to establish and persist in the infant gut22,23.  

Bifidobacteria are the most widely studied of the microorganisms that dominate the 

infant gut microbiota and it is well established that certain species can utilise a wide 

variety of HMOs24–26. Bifidobacterial species such as Bifidobacterium breve and 

Bifidobacterium longum typically transport oligosaccharides into the cell and 

metabolise HMOs using intracellular glycosyl hydrolases (GHs)27,28. Recent reports 

suggest that certain species of the closely-related genera Bacteroides and 

Phocaeicola also possess the ability to utilise these complex sugars from human 

milk29,30. Such species appear to degrade complex sugars extracellularly by cell 

envelope-associated GHs, which allows them to metabolise a wide array of 

glycans30,31. This capability may have a selective advantage in long-term persistence 

even after the introduction of solid foods16,32,33.  
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In our previous study, we showed that species from the genera Bacteroides and 

Bifidobacterium were the most frequently transferred from mother to infant up to 1-

month postpartum14. To understand the dynamics of strain sharing and the bacterial 

genetic factors associated with transfer, we extended our previous dataset through 

shotgun metagenomics-based analysis of infant and mother stool samples collected 

from the same cohort 3 months postpartum. 

3.3 Results 

3.3.1 Taxonomic landscape of the early life microbiome 

Shotgun sequencing-based analysis of additional faecal samples from the 3-month 

post-partum timepoint of the MicrobeMom cohort (ISRCTN53023014) expanded the 

original dataset of 1012 samples to 1217 through the addition of 109 maternal and 

96 infant stool samples, comprising 87 mother-infant pairs, 9 unmatched infant 

samples, and 22 unmatched maternal samples. All unmatched samples had a 

matched sample at an earlier timepoint, allowing us to infer strain sharing 

information for that mother-infant pair. A median of 9.3 and 8.6 million quality 

filtered microbial reads were obtained through sequencing of the DNA isolated from 

the infant and mother faecal samples, respectively, at the 3-month (post-partum) 

timepoint. As expected, the Shannon diversity of the infant microbiome samples was 

significantly lower than maternal samples at both 1-month and 3-month post-partum 

timepoints. This significant difference was observed in both unpaired analyses 

(Wilcoxon rank-sum test, 1-month = p < 2.2x10-16 and 3-months = p < 2.2x10-16) and 

paired analyses (Wilcoxon signed-rank paired test, p < 2.2 × 10⁻¹⁶ at 1 month and 

p = 2.37 × 10⁻¹⁴ at 3 months). Additionally, there was a significant difference in the 

beta diversity of the infant microbiome samples compared to maternal samples 

(PERMANOVA, p = 0.001) (Fig 3.1a and Fig 3.1b). 

As previously reported, taxonomic profiling of infant faecal sample-derived 

metagenomes identified Escherichia coli and Enterococcus faecalis as the major early 

residents of the infant stool with mean relative abundances of 18.5% and 5.7%, 

respectively, at delivery and 11.9% and 6.9%, respectively, at 1-week (Fig 3.1c & 

Supplementary Figure 3.1). At the 1-month and 3-month post-partum timepoints, 

certain Bifidobacterium species, in particular Bifidobacterium longum, 
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Bifidobacterium breve and Bifidobacterium bifidum, were highly prevalent and 

abundant with a mean relative abundance of 17.1%-26.2%, 17%-14% and 8.8%-9%, 

respectively. Phocaeicola vulgatus was the fifth most prevalent and abundant species 

on average across all timepoints, with a mean relative abundance of 3%. We further 

investigated the impact of factors such as breast feeding at hospital discharge, 

maternal exposure to antibiotics in labour and delivery mode on infant microbiota 

composition at species level. This analysis indicated significant reductions in Shannon 

diversity in instances of maternal antibiotic exposure during labour at the 1-month 

post-partum timepoint (p = 0.044) and delivery mode at the 1-week timepoint (p = 

0.014) (Supplementary Figure 3.2), although these differences were not apparent at 

the 3-month timepoint. No significant compositional differences were found among 

breastfeeding groups at any timepoint. The impact of these factors is only evident at 

early timepoints, indicating that the infant microbiome has recovered by the 3-

month post-partum mark. 

 

Figure 3.1 | Taxonomic composition of early life infant microbiome 

a). Boxplots showing the Shannon diversity index in mother and infant samples at 1-

month and 3-months timepoints. The significance was calculated using Wilcoxon test 



 79 

in R with **** representing a p-value of < 0.0001. b). PCoA ordination of beta 

diversity (Bray-Curtis dissimilarity) at species level compositional profiles of mother 

and infant samples. c). Line plot showing the mean relative abundance of the most 

abundant species in the infant gut microbiome at each timepoint. 

 

Supplementary Figure 3.1 | Taxonomic composition of infant gut microbiome 

Heatmap representing taxonomic composition of top 50 species of infant stool 

samples at various timepoints (E – Early (16 weeks), L- late (34 weeks), 1M- 1 month 

and 3M – 3 months). Taxonomic profiling was performed using MetaPhlAn based on 

clade-specific marker genes. Bifidobacterium longum subsp. longum and B. longum 

subsp. infantis could not be distinguished due to the resolution limits of the method. 
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Supplementary Figure 3.2 | Impact of covariates on infant microbiome composition 

Boxplots representing association between infant shannon diversity index and with 

factors such as a) Antibiotics during labour, b) Delivery mode and c) type of feeding 

at discharge at various timepoints. The p-values were shown on top of each plot. 
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3.3.2 Species common to mother and infant gut microbiomes 

We compared the taxonomic profiles of all maternal gut metagenomes with those of 

all infant gut metagenomes to identify common species. Focussing on the 1-month 

and 3-month post-partum timepoints, we detected 39 species in common between 

all mother and infant stool metagenomes at >0.1% relative abundance (Fig 3.2a and 

Supplementary Table 3.1). At the 1-month timepoint, we identified 25 species that 

are commonly present between the observed mother and infant taxonomic profiles, 

while 33 species were commonly present at the 3-month timepoint, 19 of which 

overlapped with 1-month. Species from the genera Bacteroides (20%, 8/39), 

Bifidobacterium (13%, 5/39) and Phocaeicola (8%, 3/39) were most frequently found 

in both mother and infant gut metagenomes. When comparing the relative 

abundances of these genera between infant and mother samples, we observed an 

increase in the abundance of Bifidobacterium from 1-month to 3-months post-

partum (Infant – 49% to 57% and Mother – 3% to 6%) (Fig 3.2b). In contrast, 

Phocaeicola and Bacteroides abundance decreased from 1-month to 3-months post-

partum in both mother and infants. 

 

 

Figure 3.2 | Common species in mother and infant gut microbiomes 

a) Venn diagram showing the number of common species between mother and infant 

samples at the 1-month and 3-month post-partum timepoints. b) Line plots showing 

the mean relative abundance of the most abundant genera in the infant gut 

microbiome in comparison with maternal data. 
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Supplementary table 3.1 | Common species between mother and infant stool 

metagenomes 

species timep
oint 

mother_mean_relativ
e_abundance 

infant_mean_relative
_abundance 

Akkermansia_muciniphi
la 

3M 2.16306762 1.19606635 

Alistipes_onderdonkii 3M 2.51910624 0.14299 

Alistipes_putredinis 3M 3.97702037 0.15176563 

Aquabacterium_comm
une 

3M 0.14231743 1.37958927 

Bacteroides_caccae 3M 0.32039404 0.50734396 

Bacteroides_fragilis 3M 0.22349844 2.33774802 

Bacteroides_ovatus 3M 0.3753144 0.1138001 

Bacteroides_stercoris 3M 1.36619725 0.35540958 

Bacteroides_uniformis 3M 3.95934835 2.09202479 

Bifidobacterium_adoles
centis 

3M 1.66014706 2.45986729 

Bifidobacterium_bifidu
m 

3M 0.50982092 9.0045074 

Bifidobacterium_caten
ulatum 

3M 0.10482413 0.74016 

Bifidobacterium_longu
m 

3M 3.4858678 26.2744644 

Bifidobacterium_pseud
ocatenulatum 

3M 0.46140872 0.6240749 

Bilophila_wadsworthia 3M 0.26210028 0.10756958 

Blautia_wexlerae 3M 0.63087422 0.15427063 

Collinsella_aerofaciens 3M 0.88449725 1.47102125 

Eggerthella_lenta 3M 0.13724339 0.20785792 

Escherichia_coli 3M 0.25112495 6.73769896 

Faecalibacterium_prau
snitzii 

3M 7.42313495 0.13028896 

Flavonifractor_plautii 3M 0.1975311 0.25881521 

Hungatella_hathewayi 3M 0.27164083 0.58056229 

Intestinimonas_massili
ensis 

3M 0.32943064 0.3231175 

Parabacteroides_distas
onis 

3M 0.45359945 0.97663969 

Parabacteroides_merd
ae 

3M 0.45336092 0.19327094 

Phocaeicola_dorei 3M 0.62117505 1.78993729 

Phocaeicola_vulgatus 3M 2.32306257 2.56291042 
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Prevotella_copri_clade
_A 

3M 2.58654982 0.41059479 

Prevotella_marseillensi
s 

3M 0.3927478 0.18591333 

Roseburia_faecis 3M 0.54102385 0.12217385 

Ruminococcus_torques 3M 0.28158294 0.12816292 

Ruthenibacterium_lact
atiformans 

3M 0.25869147 0.24782958 

Sutterella_wadsworthe
nsis 

3M 0.65034862 0.35107792 

 

3.3.3 Shared strains in mother-infant pairs 

Next, we characterised strain sharing events from mother to infant using InStrain 

with high-quality metagenome-assembled genomes as a reference database with a 

strain identity threshold of 99.999% population-average nucleotide identity 

(popANI). A sharing event was considered when the same strain was identified in an 

infant sample and a paired maternal sample at an earlier timepoint. In total, we 

identified 65 strain sharing events across 14 different genera at delivery, and 1-week, 

1-month and 3-month post-partum timepoints (Figure 3.3a). At the delivery and 1-

week timepoints combined, we identified 8 sharing events, with 5 of these strains 

persisting in infants at later timepoints – 2 strains persisted to the 1-month 

timepoint, and 3 strains persisted to the 3-month timepoint (Figure 3.3b). At the 1-

month timepoint, we identified 27 new sharing events that had not been observed 

at the earlier time point, of which 6 (6/27) strains persisted to the 3-month timepoint. 

At the 3-month timepoint, we identified 30 new sharing events that had not been 

identified in previous timepoints. 

In total, 55% of the identified sharing events correspond to strains from the genera 

Bacteroides, Phocaeicola or Bifidobacterium. Among members of the Phocaeicola 

genus, we found 11 sharing events for P. vulgatus and 7 for P. dorei. For the 

Bacteroides genus, there was evidence of 9 sharing occurrences for B. uniformis and 

2 sharing events for Bacteroides stercoris. In the Bifidobacterium genus, 6 strain 

sharing occurrences were observed for B. bifidum, 3 for B. adolescentis and 2 for B. 

longum subsp. longum. We also compared the relative abundance of frequently 

shared species and observed that Bifidobacterium species (B. bifidum, B. adolescentis 



 84 

and B. longum) abundance increased from 1-month to 3-month timepoint in both 

mother and infant samples (Fig 3.3c), while Phocaeicola species (P. dorei and P. 

vulgatus) relative abundance decreased. We observed an increase in the relative 

abundance of B. uniformis in both mother and infant faecal samples at 1-month and 

3-month timepoints. When investigating the impact of covariates on strain sharing in 

mother-infant pairs, our analysis identified 4 factors that were significantly 

associated. Delivery mode showed the most significant association (Chi-square test, 

χ2 = 13.2, p = 0.00028) (Supplementary Figure 3.4). Antibiotics during labour (χ2 = 

10.61, p = 0.0011) was the next most significantly associated factor impacting strain 

sharing along with labour onset (χ2 = 10.58, p = 0.014) and membrane rupture (χ2 = 

11.47, p = 0.022). 

 

 



 85 

Figure 3.3 | Shared species in mother-infant pairs 

a) Heatmap showing identified strain transfer events from mother to infant with 

available metadata (ABX – Antibiotics, SROM - Spontaneous rupture of membranes, 

POM - Puncture of membranes and ARM - Artificial rupture of membranes). The bars 

on the right represent the total number of sharing events for a given species at 

Delivery-1week (DEL+1W), 1month and 3-month timepoints. b) Upset plot showing 

strain sharing events identified at each timepoint and their overlap. Horizontal bars 

show the total number of sharing events detected at each timepoint. Vertical bars 

show the total number of sharing events detected at each timepoint and their 

overlap. c) Relative abundance of frequently shared species in infant and maternal 

faecal samples from 16 weeks pregnancy to 3-months post-partum. 

 

 

Supplementary Figure 3.4 | Association of covariates with sharing events 

Each barplot facet represents an association with covariates and strain sharing events 

between mothers and infants pairs. The significant differences were determined 

using two-sided, Chi-square test. Strain-sharing events were first identified using 

strain-resolved metagenomic analysis (inStrain) based on the MAGs from maternal 

and infant stool samples. Each mother-infant pair was then categorised into binary 

outcomes, shared (1-Yes) or not shared (0-No), based on the presence or absence of 

at least one shared strain for each covariate category. Counts of these binary 
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outcomes across covariate groups were subsequently analysed using two-sided Chi-

square tests to assess statistical significance. 

 

 

3.3.4 Characterisation of glycosyl hydrolases in early life infant gut 

microbiome 

We determined the glycosyl hydrolase (GH) gene profile from the metagenomes of 

the infant stool samples at 1-month and 3-month post-partum to understand the 

carbohydrate utilisation potential of the early life microbiome. This analysis revealed 

207 and 195 GH-encoding genes corresponding to infant stool samples at the 1-

month and 3-month timepoints, respectively (Fig 3.4a). A total of 52 GH genes were 

significantly (Supplementary Table 3.2) enriched in infant samples with a higher 

relative abundance (>30%) of Bacteroides and Phocaeicola species compared to 

Bifidobacterium-dominant samples. Of these 52 GH genes, 7 were predicted to be 

HMO utilisation genes based on the 11 known HMO metabolism-associated 

GHs19,20,29 (Supplementary table 3.3). The HMO utilisation gene families most 

positively associated with Bacteroides/Phocaeicola rich samples were GH2 and GH92 

(p = 2.08e-15 and p = 3.72e-6). In contrast, GH1, GH25, GH77, GH42, GH36 and GH13 

family genes were more abundant in Bifidobacterium dominant stool samples. 
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a) 

 

b) 

 

Figure 3.4 | Glycosyl hydrolase profiles in early life infant microbiome 

a) Heatmap showing the glycosyl hydrolase abundance in infant metagenomes at 1-

month and 3-month timepoints. The bars on the top represent the Shannon diversity 

index, secretor status, Lewis status and within-sample abundance of the three most 
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shared genera across the entire dataset. b) Distribution of HMO-related glycosyl 

hydrolases with signal peptides found in metagenome-assembled genomes shown as 

stacked barplots. 

Supplementary table 3.2 | Glycosyl hydrolases that are enriched in Bacteroides and 

Phoaceaicola abundant samples. Columns indicate enzyme family (CAZyme), sum of 

squares (sumsq), mean sum of squares (meansq), test statistic (statistic), p-value 

(p.value), and regression coefficient indicating direction and magnitude of 

enrichment (coef). 

Cazyme sumsq meansq statistic p.value coef 

GH2 40216740
.4 

40216740
.4 

84.10653
44 

2.0771234356830
6e-15 

1588.364
02 

GH92 8951406.
29 

8951406.
29 

25.23679
45 

3.7247160419710
2e-06 

800.0131
91 

GH29 7312901.
11 

7312901.
11 

79.21169
01 

1.7849872563676
8e-14 

684.0984
44 

GH20 6817639.
77 

6817639.
77 

40.58495
73 

4.3006686484164
1e-09 

656.1918
74 

GH3 5374865.
04 

5374865.
04 

13.28778
6 

0.00040119 580.6713
35 

GH97 2678957.
15 

2678957.
15 

37.34327
2 

7.2222338557561
e-08 

447.8059
02 

GH28 1874310.
39 

1874310.
39 

9.350495
35 

0.00301002 364.0425
76 

GH95 1123685.
23 

1123685.
23 

28.35965
28 

5.6895592787940
3e-07 

267.8936
44 

GH127 1019829.
09 

1019829.
09 

18.53400
61 

3.8423517064736
4e-05 

256.2678
38 

GH16_3 833116.0
8 

833116.0
8 

52.12999
05 

6.1065247063302
6e-10 

245.9888
95 

GH109 902904.2
91 

902904.2
91 

6.548200
66 

0.01178601 237.9947
98 

GH35 797470.0
79 

797470.0
79 

56.92992
45 

2.4519045157581
2e-11 

227.9045
53 

GH105 730335.0
64 

730335.0
64 

8.213186
08 

0.005177 220.0983
36 

GH31 665673.6
34 

665673.6
34 

8.707935
88 

0.00385283 204.8647
23 

GH76 484987.8
37 

484987.8
37 

19.86621
36 

4.3379803358458
7e-05 

203.2031
84 

GH23 632292.9
72 

632292.9
72 

5.696360
52 

0.01873924 200.5663
28 
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GH130 487004.7
12 

487004.7
12 

26.75588
69 

2.0994568188465
5e-06 

186.6027
74 

GH78 466998.6
86 

466998.6
86 

4.161416
32 

0.04410182 174.6145
87 

GH144 325489.9
57 

325489.9
57 

20.27583
69 

4.1527606749664
5e-05 

169.4688
82 

GH171 361844.2
58 

361844.2
58 

105.3004
72 

3.7761678993595
2e-15 

163.5336
32 

GH88 384500.2
47 

384500.2
47 

10.15362
58 

0.00200058 160.4048
5 

GH43_10 254141.4
37 

254141.4
37 

6.599802
23 

0.01192369 130.6103
91 

GH106 159810.3
92 

159810.3
92 

7.234470
73 

0.0092115 121.1464
59 

GH27 220455.9
35 

220455.9
35 

12.93002
58 

0.00052763 120.9251
35 

GH43_31 161230.9
13 

161230.9
13 

30.13782
56 

1.3428567951855
9e-06 

118.7045
45 

GH63 169169.6
69 

169169.6
69 

17.82413
33 

5.7796080096509
1e-05 

105.9295
03 

GH89 114012.6
18 

114012.6
18 

9.979996
37 

0.00221633 88.06079
92 

GH43_28 76112.83
88 

76112.83
88 

6.401132
51 

0.01524277 87.74263
45 

GH125 112287.5
82 

112287.5
82 

5.908838
92 

0.01679306 84.94434
82 

GH115 95229.06
26 

95229.06
26 

7.717724
51 

0.007196 84.15612
24 

GH154 99589.12
98 

99589.12
98 

9.349890
61 

0.00303204 82.59729
41 

GH43_3 77329.41
68 

77329.41
68 

29.08762 1.8865009285680
5e-06 

82.20827
9 

GH18 99631.36
55 

99631.36
55 

6.070152
66 

0.01562804 81.17959
03 

GH57 78557.82
24 

78557.82
24 

40.10862
84 

3.5977644070241
4e-08 

77.49223
56 

GH133 69937.62
71 

69937.62
71 

24.80435
98 

4.2959049410778
4e-06 

70.54125
73 

GH159 33008.22
88 

33008.22
88 

11.89470
71 

0.00193102 69.38083
33 

GH141 60864.81
94 

60864.81
94 

12.56300
72 

0.00079372 68.73886
84 

GH26 53658.74
15 

53658.74
15 

4.026027
02 

0.04939358 66.15068
72 

GH43_19 33343.91
89 

33343.91
89 

5.716323
5 

0.0203234 53.06957
01 
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GH13_38 35600.60
45 

35600.60
45 

20.33433
46 

3.2160902648697
4e-05 

52.36433
38 

GH13_8 35582.32
99 

35582.32
99 

21.85461
01 

1.7986662657719
e-05 

52.35089
22 

GH5_7 22122.21
48 

22122.21
48 

17.54352
68 

0.00020564 51.82922
86 

GH13_36 21610.14
98 

21610.14
98 

9.554600
93 

0.00367236 50.45813
51 

GH30_4 31882.56
75 

31882.56
75 

7.161220
21 

0.00970918 49.75031
71 

GH13_10 31928.27
73 

31928.27
73 

16.78225
77 

0.0001237 49.67782
37 

GH43_9 22404.54
09 

22404.54
09 

4.623773
1 

0.0368219 47.53189
92 

GH116 18652.63
42 

18652.63
42 

7.115687
88 

0.01127056 45.58987
14 

GH142 17661.89
47 

17661.89
47 

9.802824
1 

0.00278936 37.34113
16 

GH43_1 10323.77
43 

10323.77
43 

7.161034 0.01049978 35.24436
63 

GH137 13685.46
5 

13685.46
5 

6.526760
88 

0.01371743 33.68974
16 

GH139 10460.59
87 

10460.59
87 

8.164179
59 

0.00639575 33.21950
77 

GH165 3363.875
59 

3363.875
59 

7.834221
75 

0.00809581 21.26930
34 

 

Supplementary table 3.3 | 11 known HMO-associated GHs from literature 

GHs Function  Substrates Evidence 

GH2 β-galactosidase Lactose (Lac), lacto-N-
neotetraose (LNnT) 

Biochemical 
assay19, 
Transcriptomics20  

GH20 β-hexosaminidase Lacto-N-triose II Biochemical 
assay19, 
Transcriptomics20 

GH29 Fucosidase 3-FL, LNFP II/III (Fucosylated 
sugars) 

Functional 
genetics, 
Transcriptomics20  

GH33 Sialidase 3’-SL, 6’-SL (Sialylated 
sugars) 

Biochemical 
assay19, 
Transcriptomics20  

GH42 β-galactosidase LNT (Lacto-N-tetrose), LNB 
(Lacto-N-biose) 

Biochemical 
assay19 
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GH95 Fucosidase 2′-FL (2'-fucosyllactose), 
LNFP I (lacto-N-
fucopentaose I) 

Biochemical and 
culture-based 
assay19, 
Transcriptomics20  

GH112 GNB/LNB 
Phosphorylase 

LNB Biochemical 
assay19 

GH136 Lacto-N-biosidase LNT Biochemical 
assay19 

GH92 a-mannosidase 2’-FL, DFL, 3’-SL, 6’-SL, and 
LNT, LNnT (General 
transcriptional response) 

Transcriptomics29 

GH43 Arabinofuranosidase, 
xylosidase 

2’-FL, DFL, 3’-SL, 6’-SL, and 
LNT, LNnT (General 
transcriptional response) 

Transcriptomics29 

GH97 α-Glucosidase 2’-FL, DFL, 3’-SL, 6’-SL, and 
LNT, LNnT (General 
transcriptional response) 

Transcriptomics29 

 

3.3.5 Carbohydrate utilisation gene profiles of frequently transferred 

bacterial species 

We further investigated the metagenome assembled genomes (MAGs) 

reconstructed from this dataset to predict the presence and diversity of glycosyl 

hydrolases encoded by species that are frequently shared between mother-infant 

dyads. We found that the GH2 (Lac and LNnT), GH3 and GH97 (DFL and 6’-SL) and 

GH92 (DFL and 6’-SL) gene families were abundant in B. uniformis, P. dorei and P. 

vulgatus compared to Bifidobacterium species MAGs (Supplementary Fig 3.5). 

Members of GH20 (LNT II), GH29 (3-FL and LNFP II/III), GH105, GH43_10 (DFL and 6’-

SL), GH28 were particularly abundant in P. dorei and P. vulgatus compared to 

Bifidobacterium species and B. uniformis. 

Next, we investigated the presence of 11 known HMO metabolism-associated GHs in 

MAGs from frequently transferred species. This analysis revealed that these genes 

were prevalent in B. uniformis (9/11), P. vulgatus (9/11) and P. dorei (10/11) (Fig 4b). 

B. bifidum (8/11) and B. longum subsp. longum (6/11) species were shown to possess 

the next most abundant HMO related genes. We looked at the predicted presence of 

signal peptides in the HMO-associated GHs and found B. uniformis (9/9), P. vulgatus 

(9/9) and P. dorei (9/10) to have the highest number of signal peptides in their GHs. 
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Within the Bifidobacterium genus, a higher number of B. bifidum (6/8) HMO GHs 

were predicted to have signal peptides than other species.  

For comparison, we analysed the five most abundant species from maternal stool 

samples in our dataset that were not found to be shared with the infants 

(Supplementary Fig 3). We found that these species possess fewer HMO-associated 

GHs compared to the strains described above (Fig 3.4b). Of these, A. putredinis was 

observed to have the highest number of HMO-associated GHs (7/11), followed by A. 

rectalis (4/11) and F. prausnitzii (1/11). Most of the HMO-GHs within A. putredinis 

GHs (6/7) contained signal peptides but only one HMO-GH associated with A. rectalis 

(1/4) had a signal peptide and none from F. prausnitzii (0/1). Furthermore, Wilcoxon 

rank-sum test revealed a significant difference in the number of HMO-associated GHs 

between shared and non-shared species (W = 14, p = 0.027). 

 

 

Supplementary Figure 3.3 | Taxonomic composition of maternal gut microbiome 

Heatmap representing taxonomic composition of top 50 species of mother stool 

samples at various timepoints (E – Early (16 weeks), L- late (34 weeks), 1M- 1 month 

and 3M – 3 months). 
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Supplementary Figure 3.5 | Glycosyl hydrolase profiles in MAGs 

Heatmap showing the glycosyl hydrolases abundance of frequently shared species 

MAGs recovered from mother and infant metagenomes.  
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3.4 Discussion 

Bacterial strain transmission from mother to infant is an important phenomenon that 

shapes the early life infant gut microbiome and potentially influences long term 

health outcomes4,34,35. Understanding the microbial genetic factors involved can help 

explain the underlying mechanisms and inform targeted intervention strategies. Our 

study characterises the microbial functions associated with strain sharing, 

particularly the role of HMO utilisation genes. For breastmilk fed infants, the gut 

environment is presumed to be rich in HMOs and the ability of species to metabolise 

HMOs confers a strong competitive advantage. Species belonging to the genera 

Bifidobacterium, Bacteroides, and Phocaeicola were shown to be the most abundant 

in the early life gut microbiome. While most of the mother-infant sharing events 

involved Bacteroides and Phocaeicola species, their relative abundance was low in 

infant samples at 1-month and 3-month timepoints compared to Bifidobacterium 

species. We also observed an increase in the number of sharing events increased at 

later timepoints revealing 30 additional sharing events at 3-month timepoint that 

had not been detected at earlier timepoints. Previous studies have shown that 

Bifidobacterium species are highly prevalent in the early infant microbiomes due to 

their HMO utilisation capacity22. Recent reports suggest that species from 

Phocaeicola and Bacteroides can also metabolise HMOs, although the associated 

genetic factors require further elucidation29,30. Yassour et al. found that Bacteroides 

show a generalised transcriptional pattern for HMO utilisation rather than specific 

genes being upregulated29, and utilise a more diverse set of genes for HMO utilisation 

than previously thought20,30. The metagenomic analysis presented here reveals a 

more diverse array of HMO-related glycosyl hydrolases enriched in Bacteroides and 

Phocaeicola dominated samples compared to Bifidobacterium species, and a higher 

number of strain sharing events in Bacteroides and Phocaeicola species compared to 

Bifidobacterium. It is possible that this wide array of HMO-related glycosyl hydrolases 

along with diverse GHs in Bacteroides and Phocaeicola is advantageous for these 

species during transfer. Additionally, the presence of signal peptides in GHs indicates 

the extracellular secretion of enzymes36–38 and we found a higher number of signal 

peptides in HMO-related glycosyl hydrolases in Bacteroides and Phocaeicola species 
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indicating their potential for extracellular GH synthesis. This ability may provide a 

competitive advantage in the infant gut environment and might also be beneficial for 

other gut commensals that may rely on carbohydrate-dependent cross-feeding31,39. 

Notably, we also found that species with a high number of signal peptide-containing 

GHs with predicted HMO-degrading function were frequently shared between 

mother and infants. For example, B. uniformis and P. vulgatus are two species that 

are frequently transferred, and we also noted the same species encode the highest 

number HMO-associated GHs with a signal peptide. Within the Bifidobacterium 

genus, B. bifidum is a frequently shared species with a much higher number of signal 

peptide containing HMO-specific GHs compared to B. longum subsp. longum. In 

addition to these species, A. putredinis, an abundant maternal microbe shared in 

mother-infant pairs also encodes a relatively high number of HMO-associated GHs 

compared to other abundant species in the maternal microbiome, suggesting that 

these species maybe less adapted to the HMO rich infant gut environment. Taken 

together, our findings suggest that species encoding diverse secreted HMO-specific 

GHs are well suited to vertical transmission and colonisation in mother-infant pairs. 

Our study reveals that Bacteroides and Phocaeicola species are the most frequently 

shared in mother-infant pairs and also possess a diverse array of HMO-related GHs, 

potentially explaining their frequent transmission from mother to infant. These 

species, along with Bifidobacterium, demonstrate a higher abundance of HMO 

utilisation genes compared to other maternal gut microbes. The differential 

distribution of GH families and signal peptides among these species points to diverse 

strategies for HMO utilisation, potentially allowing for niche partitioning in the infant 

gut ecosystem. Further research is needed to fully elucidate the complex interplay 

between HMO metabolism, strain sharing, and infant gut colonisation, including 

longitudinal studies to track the persistence of these shared strains and their impact 

on long-term health outcomes. 
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3.5 Methods 

3.5.1 Preprocessing and taxonomic analysis 

Raw read quality was assessed using fastqc (v 0.12.1) and adapter content and host 

contamination removal was performed using trimgalore (v 0.6.1) and bowtie2 (v 

2.3.4), respectively40–42. The quality filtered reads were then used for downstream 

analysis. Taxonomy assignment was performed using metaphlan (v 4.0.6) with 

October 2022 database (mpa_vOct22_CHOCOPhlAnSGB_202212)43. The alpha and 

beta diversity metrics were calculated using calculate_diversity Rscript from 

metaphlan utility scripts. Significant differences between sample types were 

calculated using Wilcoxon’s rank sum test with a significance threshold of 0.05. Data 

visualization was performed using ggplot2 (v 3.5.1) and Complexheatmap (v 2.20) 

packages in R (v 4.4.1)44–47. 

3.5.2 Reconstruction of metagenome assembled genomes (MAGs) and 

strain tracking 

Using quality filtered reads, contigs were assembled with MetaWRAP assembly 

module with metaspades option48. Subsequently, MAGs were reconstructed using 

the binning module with three binning algorithms – MetaBAT2, MaxBin2 and Concoct 

and the resulting bins with >50% completeness and <10% contamination were 

refined and reassembled using MetaWRAP refinement module49–51. MAG quality was 

assessed with CheckM (v 1.0.18)52. High-quality MAGs were considered for 

downstream analysis based on the standards recommended by Bowers et al. with 

>90% completeness & <5% contamination. GTDB-TK (v 1.5.0) was used to assign 

taxonomy to each MAG with reference database (v r202)53. Strain sharing events 

were identified using InStrain (v 1.8.0) with quality filtered metagenomic reads as 

input and a reference database constructed from the high-quality MAGs dereplicated 

at 98% identity using dRep (v 3.2.0)54,55. Metagenomic reads were mapped against 

the database using Bowtie2 (v 2.4.4)42. The recommended thresholds of 99.999% 

popANI and 50% reference genome coverage were used to identify strain sharing 

events in mother-infant pairs. 
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3.5.3 Profiling of glycosyl hydrolases in metagenomes and MAGs 

Assembled contigs from each sample were used to predict genes using prokka (v 

1.14)56. The resulting genes were used as input for dbcan (v 4.0) to identify GHs in 

each sample. Signalp (v 4.1) was used along with the dbcan package to identify the 

presence of a signal peptide in individual predicted GHs57. The metagenomic reads 

were mapped against the predicted GH genes using Burrows-Wheeler Aligner (v 

0.7.17)58. Seqkit (v 1.4), Samtools (v 1.20) and bedtools (v 2.27) were used for file 

conversions to process the output files59–61. The abundance of GH-encoding genes in 

metagenomic samples was calculated using dbcan_utils package and the reads were 

normalized to reads per million for each sample. Samples with Bacteroides and 

Phocaeicola genera abundance of >30% were defined as Bacteroides/Phocaeicola 

rich samples. The significant GH-encoding genes were identified using analysis of 

variance model with reads per million and genus abundance from stats package (v 

4.4.1) in R. Visualization was performed using ggplot2 (v 3.5.1) and Complexheatmap 

(v 2.20) packages in R.  

High-quality MAGs were used to profile the GHs at strain-level using run_dbcan from 

dbcan (v 4.0) with Signalp (v 4.1) for signal peptide identification62. Dbcan standard 

database (v 4.0) was used to predict the function of GHs in MAGs. HMO-associated 

GHs were considered present in a species if half of the MAGs contained those GHs. 
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4 Chapter 4 

Profiling of vaginal Lactobacillus jensenii isolated from 

preterm and full-term pregnancies reveals strain-specific 

factors relating to host interaction. 

 

This chapter has been published in Microbial genomics journal. 

(doi: 10.1099/mgen.0.001137) 
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4.1 Abstract 

Each year, 15 million infants are born preterm (<37 weeks gestation), representing 

the leading cause of mortality for children under the age of five. Whilst there is no 

single cause, factors such as maternal genetics, environmental interactions, and the 

vaginal microbiome have been associated with an increased risk of preterm birth. 

Previous studies show that a vaginal microbiota dominated by Lactobacillus is, in 

contrast to communities containing a mixture of genera, associated with full-term 

birth. However, this binary principle does not fully consider more nuanced 

interactions between bacterial strains and the host. Here, through a combination of 

analyses involving genome-sequenced isolates and strain-resolved metagenomics, 

we identify that L. jensenii strains from preterm pregnancies are phylogenetically 

distinct from strains from full-term pregnancies. Detailed analysis reveals several 

genetic signatures that distinguish preterm birth strains, including genes predicted 

to be involved in cell wall synthesis, and lactate and acetate metabolism. Notably, we 

identify a distinct gene cluster involved in cell surface protein synthesis in our 

preterm strains, and profiling the prevalence of this gene cluster in publicly available 

genomes revealed it to be predominantly present in the preterm-associated clade. 

This study contributes to the ongoing search for molecular biomarkers linked to 

preterm birth and opens up new avenues for exploring strain-level variations and 

mechanisms that may contribute to preterm birth. 
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4.2 Data Summary 

Sequence data used in this study can be accessed from European Nucleotide Archive 

(ENA) under the accession number PRJEB34536. The genomes and metagenome 

assembled genomes generated in this study can be accessed from ENA under this 

accession number PRJEB63084. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 107 

4.3 Introduction  

The vaginal microbiome in humans is distinct, relatively less diverse than  other body 

sites like gastrointestinal tract1 and often dominated by Lactobacillus species2,3. By 

producing lactic acid, Lactobacillus spp. reduce vaginal pH and provide protection 

against growth of pathogens4–6. Lactobacilli can also produce antimicrobials such as 

bacteriocins that benefit the host epithelium by maintaining membrane integrity7,8. 

The species commonly found in the vaginal microbiota of healthy women are 

Lactobacillus crispatus, Lactobacillus gasseri, Lactobacillus iners and Lactobacillus 

jensenii; most of which produce large amounts of lactic acid9–11 and are commonly 

categorised into community state types (CSTs) 2 CST-I, CST-II, CST-III and CST-V, 

respectively. The remaining CST, CST-IV, represents a community with reduced 

Lactobacillus and an increased collection of obligate and facultative anaerobes, 

which include Atopobium, Gardnerella, Prevotella and Megasphaera12, and has been 

linked to bacterial vaginosis (BV)13. Interestingly, CST-IV is also observed in a high 

percentage of the healthy population with asymptomatic BV. This suggests that the 

relationship between CST and BV is complex and likely involves other factors such as 

hygiene, ethnicity, and smoking14. Various epidemiological studies have associated 

mixed-species communities with increased risk of poor health outcomes such as 

sexually transmitted infections14,15. However, the mechanistic understanding of 

these correlations has yet to be explored. Furthermore, various studies have shown 

an increased risk of preterm birth (PTB) in women with BV16,17. 

Approximately 15 million infants are born preterm (<37 weeks of gestation) annually, 

which is a risk factor for infant mortality and morbidity18. Several factors, such as 

maternal-fetal genetics, environmental interactions, and the vaginal microbiome, are 

important contributors to PTB19. Furthermore, bacterial infections such as urinary 

tract infections and periodontal disease have been associated with an increased risk 

of PTB20,21. Previous studies have reported that the taxonomic composition of the 

vaginal microbiome has a notable influence on PTB risk22–25. Some previous studies 

have associated Lactobacillus crispatus with a lower risk of PTB26. However, a variety 

of different taxa have been associated with PTB in some studies26,27, whereas another 

study found no association between the vaginal microbiome and PTB28. 
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A recent review by Gudnadottir et al.29 suggested that analysing the vaginal 

microbiome could aid in predicting PTB. They linked L. crispatus dominance to a lower 

risk of PTB and L. jensenii abundance to a higher risk of PTB. Indeed, a study of 133 

women, predominantly of the Caucasian population, found a significant association 

between both L. jensenii and decreased lactate levels and PTB30. Recent reports also 

highlight that women with L. jensenii dominance over L. crispatus had lower lactate 

and glutamate levels in vaginal fluid and experienced more PTB31,32. It is important to 

note that most studies were observational and based on 16S rRNA sequencing, which 

limits the taxonomic resolution to the species level, at best, and further limits the 

potential to understand the functional potential of the community and investigate 

microbial-host interactions. Recent studies using shotgun metagenomics have begun 

to identify potential functional signatures associated with PTB, highlighting the 

power of this approach26,33. However, in-depth mechanistic insights relating to 

strains and their functional differences are needed to identify potential molecular 

biomarkers that could aid in the early detection of PTB and perhaps reveal genes 

involved in important host-immune interactions. 

In this study, we analyse data from shotgun metagenomics and genome-sequenced 

isolates to reveal strain-level variation among Lactobacillus jensenii from vaginal 

swabs of pregnant women associated with preterm and full-term birth, respectively. 

 

 

 

 

 

 

 



 109 

4.4 Results 

4.4.1 Isolation and sequencing of Lactobacillus jensenii 

Previously we have shown a functional difference in the vaginal microbiota 

composition of PTB women26. Here we used 89 vaginal metagenomic samples from 

57 participants of the same cohort to reconstruct 11 high-quality (>90% 

completeness and <5% contamination) L. jensenii metagenome assembled genomes 

(MAGs). In addition, we isolated, and genome sequenced 9 strains of L. jensenii from 

the same cohort, of which 4 were not paired to any MAG assembly. In total, 15 high-

quality genomes, 9 from cultured isolates and 6 MAGs were used for analysis, with 

an isolate being considered over a MAG when both were recovered. Six of these 

genomes were from preterm pregnancies and the remaining nine were from full-

term pregnancies. Of the six preterm samples, two were late preterm (36.4 and 36.7 

weeks), and four were very preterm (28-32 weeks). The mean birthweight for 

preterm and full-term babies was 2,439 g and 4,061 g, respectively. Four women had 

a history of previous large loop excision of the transformation zone (LLETZ) surgery 

with two each in preterm and full-term group.   

 

4.4.2 Pangenome and phylogenomic analysis reveals a distinct grouping of 

preterm and full-term L. jensenii genomes. 

To facilitate an investigation of the genomic variation between preterm and full-

term-associated L. jensenii strains, we performed a pangenomic reconstruction of the 

15 L. jensenii genomes (Fig. 4.1b). A total of 24,928 genes were clustered into 2,669 

unique gene families (Fig. 4.1c). Of the 2,669 gene families, 1,163 were universally 

present (≥ 95% strains) and classified as the core genome. The number of gene 

clusters in the shell and cloud genomes were 566 and 940, respectively. The 

pangenome analysis of L. jensenii revealed an open pangenome (Supplementary. Fig. 

4.1). 

Core genome phylogeny, as determined by SNPs in these core genes, revealed that 

strains from Preterm group were distinct from full-term birth (FTB) (Fig. 4.2). 

However, three strains from the FTB group (LJ2, LJ3, LJ12) clustered within the PTB 
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clade. Further investigation revealed that these strains were from women with 

previous LLETZ surgery and PTB history. Altogether, within the PTB clade, 6/9 strains 

were directly associated with PTB while the remaining three FTB-linked isolates were 

associated with a history of PTB or LLETZ surgery. Next, we performed an average 

nucleotide identity (ANI) comparison between the strains to further understand the 

genomic variation between these two clades. We found ANI values ranging from 

99.30 to 99.91 suggesting a high level of genetic similarity with subtle strain-level 

variations (Supplementary Fig. 4.2).  

 

Figure 4.1. (a) Overview of L. jensenii sequenced from vaginal metagenomic samples 

in this study. The Venn diagram represents the number of genomes and MAGs 

recovered. (b) Pangenome heatmap of L. jensenii. Rows are clustered based on the 

core genome identity, also represented by the phylogenetic tree on the left-hand 
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side. For each gene, a blue cell indicates its presence, and a white cell indicates its 

absence in the corresponding genome based on the roary 95% identity threshold. 

The legend shows the delivery outcome (DO) of each pregnancy associated with the 

genome. (c) Pangenome statistics of L. jensenii genomes in this study. 

 

Supplementary. Fig. 4.1. Plot showing the number of genes (y-axis) in each of the 

Lactobacillus jensenii genomes (x-axis) generated in our study indicating an open 

pangenome with size increasing with every new genome added. 
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Figure 4.2. Maximum likelihood phylogenetic tree of the core genome of L. jensenii. 

Bootstrap values are represented on the branches. The heatmap on the right-hand 

side of the cladogram represents the delivery outcome, whether an isolate and/or 

MAG was recovered from this individual, community state type (CST), previous 

preterm birth status and LLETZ surgery, and antibiotic use in pregnancy. Bar plots 

show birthweight and gestation length. 
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Supplementary. Fig. 4.2. Average Nucleotide Identity (ANI) heat-map showing the 

ANI scores between 15 L. jensenii in our dataset and side bar representing the 

delivery outcome (DO) of each pregnancy associated with the genome. 

4.4.3 Genetic variation and genes distinct to PTB associated L. jensenii 

A total of 1,163 core gene families were extracted from the pangenome to identify 

variations in genes involved in core functions between the PTB and FTB strains. 

Following alignment of individual protein sequences from these gene families, 185 

non-synonymous mutations specific to PTB genomes were identified in 156 core 

genes. A notable number of differences between PTB and FTB strains were observed 

in genes involved in lactate metabolism (ldhD), acetate metabolism (ackA), and cell 

wall-related functions (murK and ycbB) (Fig. 4.3), revealing a genetic signature 

distinct to PTB associated L. jensenii.  

Using roary, we analysed the genomes of L. jensenii to determine if further genetic 

differences between strains were present. Genes distinct to preterm/full term birth 

were identified using the whole pangenome including cloud and shell genes. 

However, we found significant genes only from the core genome category. In total 

we observed 14 genes that were distinct to PTB strains and 4 genes distinct to FTB 

strains. 50% (7/14) of these had an unknown function following automated 
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annotation with Prokka. Supplemental annotation with Eggnogmapper and BLASTx 

against the NCBI-NR database identified the functions of 85 % (12/14) of these genes. 

The PTB specific genes were present within two gene clusters harbouring putative 

signal peptide, glycosyl transferases, polysaccharide synthesis genes and glycosyl 

hydrolases. 

 

Figure 4.3. Heatmap showing distinct amino acid variations in preterm birth 

samples. Each colour represents the number of per-gene variations. Only genes with 

at least two variations were plotted. 
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4.4.4 Preterm birth associated L. jensenii possess a gene cluster with a 

predicted role in cell surface proteins synthesis 

A gene cluster of 10 genes distinct to preterm strains that are identified from the 

pangenome analysis was observed in a region adjacent to a further 5 genes that were 

also present in full-term genomes (Fig. 4.4). The gene cluster harbours a large 

genomic region of ~10 kb length identified as a LPXTG-motif cell wall anchor 

(CW_MucBP). Within this is a putative single coding sequence for a domain of 

unknown function (DUF285), a mucin binding domain (MucBP) and a YSIRK signal 

motif. In addition, this gene cluster contains several putative glycosyl transferase 

genes (GT), including GT1, GT2 and GT4. Further, a flippase (MurJ), capsular 

polysaccharide biosynthesis protein (Cap8A), tyrosine-protein kinase (YwqD) and 

tyrosine-protein phosphatase (YwqE) were also predicted to be encoded within the 

gene cluster. This gene cluster is predominantly found in genomes from preterm 

samples. A strong association with the preterm trait was observed for 8 out of the 10 

genes. In full-term isolates, the genes required to synthesise polysaccharides, cell 

surface proteins and mucosal adhesion were absent (Fig 4.4). 
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Figure. 4.4. Schematic overview of the organisation of a putative cell surface glycan 

gene cluster of L. jensenii. The length of this gene cluster is ~20kbp. The colour of 

each box indicates the presence (mint green) and absence (brown) of the 

corresponding gene annotated across the top. 

 

4.4.5 L. jensenii possesses a gene cluster with putative glycan utilisation 

genes 

We identified a gene cluster containing putative glycosyl hydrolase genes from the 

roary analysis within all genomes of L. jensenii. This cluster was approximately 11 kbp 

in length and comprised of genes predicted to encode an alpha-rhamnosidase, 

membrane transporters, an isomerase and two other genes of unknown function, 

designated DUF4038 and DUF5060 (Fig 4.5). Literature searching suggested that 

DUF4038 and DUF5060 genes are putative glycoside hydrolase and glycoside 

hydrolase-associated C-terminal with the closest homologs to GH13 and GH14 family, 

that is, alpha-amylase and beta-amylase 34. In addition, the alpha-beta hydrolase fold 

with potential serine protease function and major facilitator superfamily (MFS) 

transporters along with two potential GHs belonging to GH1 and GH28 were also 

identified flanking this region. While this cluster was conserved between all genomes, 

the putative isomerase gene contained a frameshift mutation that was absent in 5/6 

PTB genomes and 2/9 FTB genomes, resulting in a predicted change in coding 

sequence for these strains. Similarly, the DUF4038 gene also has large deletion in 3/6 

PTB strains, but none of the FTB genomes. 
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Figure 4.5. Schematic overview of the organisation and sequence relatedness of the 

glycan utilisation gene cluster of L. jensenii. The homology of each gene is 

represented by different shades of white (low homology) to grey (high homology) 

between each genome. The colour of the arrows represents each gene. 

 

4.4.6 Profiling of preterm associated gene clusters in publicly available L. 

jensenii genomes  

To identify the phylogenetic patterns and presence/absence of preterm associated 

genomic signature across L. jensenii species, we used publicly available genomes 

along with the genomes from our study. A very high ANI comparison value was 

observed for all genomes ranging from 98.98 to 100 (Supplementary Fig. 4.4). The 

core genome phylogeny of these genomes revealed two distinct clades in the L. 

jensenii species (Fig. 4.6). The preterm and full-term related genomes from this study 

mainly clustered in two different clades, i.e., Clade-I and Clade-II, respectively. Genes 

from the putative carbohydrate utilisation gene cluster were present in all the 

isolates from both clades (Supplementary. Fig. 4.3). The putative cell surface protein 
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encoding gene cluster was found to be predominantly present in the same clade as 

the preterm-associated genomes (Clade-I) (Fig. 4.7.). 

 

 

Figure. 4.6. Maximum likelihood phylogenetic tree of L. jensenii species 

reconstructed with publicly available genomes. The outer circle represents the 

isolation country. The green colour on labels indicates Clade-I and blue indicates 

Clade-II. The green squares on the branches represent preterm isolates and blue 

squares indicates full-term strains from our dataset. 
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Figure 4.7. Heatmap showing the presence and absence of genes from the putative 

cell surface protein encoding cluster identified in preterm strains. The x-axis 

represents the genes from the gene cluster.   For each gene, a blue cell indicates its 

presence, and a white cell indicates its absence in the corresponding genome. The 

bar on the right indicates the clades respective to the core genome phylogeny. 
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Supplementary. Fig. 4.3. Heatmap showing the presence and absence of glycan 

utilisation cluster genes in the publically available genomes. The bar on the right 

represents the clades respective to core genome phylogeny. The green represents 

the preterm associated clade, blue represents the full-term clade and grey indicates 

unknown. 
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Supplementary. Fig. 4.4. Average Nucleotide Identity (ANI) heat-map showing the 

ANI scores between 15 L. jensenii in our dataset along with publically available 

genomes. 
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4.5 Discussion 

Fifteen high-quality L. jensenii genomes were analysed from vaginal samples of 6 

preterm and 9 full-term pregnancies using a combination of metagenomic 

sequencing and targeted isolation. In-depth genomic analysis revealed a distinct 

phylogenetic clade of preterm genomes and identified differences in the core 

genome involved in cell wall formation and the metabolism of lactate and acetate. 

Further pangenome analysis identified a gene cluster predicted to be involved in the 

degradation of glycans typical to vaginal tract including glycogen. Another gene 

cluster specific to PTB strains was identified with a potential role in the synthesis of 

cell surface proteins which are crucial for microbial-host interactions. In addition, we 

profiled the presence of these gene clusters in publicly available genomes, which 

revealed cell surface protein synthesis genes to be predominantly present in the 

preterm-associated clade. These results suggest that the preterm L. jensenii group 

carrying these gene clusters may have a functional advantage through an ability to 

utilise various sugars and potential host-immune interactions within the vaginal 

niche. The data presented here also makes a significant contribution to vaginal L. 

jensenii reference genomes. Through detailed strain-level analysis, we compared full-

term and preterm strains highlighting key genomic variations with a potential role in 

preterm complication. 

The changes in the composition of the vaginal microbiota can be influenced by 

several factors, such as changes in host physiology, unprotected intercourse, or 

hormonal fluctuation35,36. This makes it challenging to develop biomarkers for 

preterm/dysbiotic conditions. Recent studies have shown vaginal metabolites and 

microbiome profiles could be useful in predicting preterm37,38. However, the 

mechanistic understanding of vaginal microbial genomic factors is needed to develop 

standard molecular based biomarkers that could aid in early PTB detection.  A recent 

study has demonstrated that crosstalk between microbial recognition mediators and 

host immunity could play a key role in preterm complications highlighting the role of 

microbial cell surface components in host-immune modulation39. However, the role 

of microbial cell surface proteins, particularly glycans that can interact with host 

epithelial cells, has been poorly studied in vaginal microbial settings compared to the 
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gut microbiome40. This is due to a majority of studies being limited by a reliance on 

16S rRNA sequencing. As such, detailed strain-level genomic insights are lacking in 

the field. Despite this, recent studies have shown that some Lactobacillus crispatus 

strains with pullulanase type I gene (pulA) can directly degrade glycogen41,42. It is also 

reported that the L. crispatus strains isolated from dysbiotic vaginal microbiota have 

a distinct glycosyltransferase gene that could play a role in cell surface glycome 41, 

further highlighting the potential importance of strain-level differences in vaginal 

bacteria. 

Here we report two distinct gene clusters in L. jensenii with one predicted to have a 

diverse carbohydrate utilisation potential and another cluster to be involved in the 

biosynthesis of cell surface glycan with a potential role in preterm complication. The 

ability to selectively use various carbon sources such as glycogen and mucins can be 

beneficial for L. jensenii to survive in the fluctuating vaginal environment. Glycogen 

produced by vaginal epithelial cells is considered a nutrition source for vaginal 

bacteria43, but is thought to be dependent on the initial activity of host amylase to 

facilitate subsequent use by vaginal commensals44. We identify the presence of 

probable alpha/beta-amylase genes, GH13/GH14 (DUF4038), in glycan utilisation 

gene cluster along with a gene predicted to encode an alpha-L-rhamnosidase, which 

may be involved in the hydrolysis of α-linked L-rhamnosides from polysaccharides. 

This suggests L. jensenii might have the ability to utilize distinct carbon sources. 

Notably, a recent metatranscriptomics study 45 identified GH13 and glycosyl-

transferase (GT) 35 as active glycogen-debranching genes across various CSTs. 

Additionally, the identified variations in DUF4038 (GH13) and ccpA genes in the 

preterm strains relative to the full-term strains indicate a functional difference in 

metabolic pathways for carbohydrates. Previous studies have shown subtle genetic 

variations in the glycan utilisation genes can have a strong impact on the phenotype 

of the strain59.   

In the glycan utilisation gene cluster, we have identified a fucose isomerase gene 

along with alpha-beta hydrolase fold with potential serine protease flanking this 

region. It is possible that L. jensenii can use this gene machinery for adhesion to 

cervical mucus present in the vaginal epithelium46,47. As the viscoelastic structures of 
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mucins are the stiff arrangement of carbohydrate side chains with serine-threonine 

peptide backbone, production of a serine protease may help reduce the 

viscoelasticity47 and further adhesion. Interestingly, we have identified an MFS 

transporter, two amino acid permeases and two GHs belonging to potential GH1 (β-

glucosidase/ β-galactosidase) and GH28 (polygalacturonase) groups flanking this 

gene cluster. As galactose is a common component of mucins, this suggests that L. 

jensenii may utilise sugars from mucin oligosaccharides for nutrition45. Critchfield et 

al.48 showed that cervical mucus from women at high preterm risk has more 

extensible and weaker gels than low-risk women, suggesting that alterations to 

surface mucus may contribute to PTB.    

Microbial cell surface proteins are crucial to interactions with the vaginal epithelial 

cells for various functions from commensalism to invasion49. However, the microbial 

cell surface glycome in the vaginal microbiome is poorly studied particularly in the 

vaginal commensals like L. jensenii. A recent study has identified a distinct 

glycosyltransferase in a gene cluster in L. crispatus from dysbiotic vaginal microbiota 

suggesting the possibility of distinct microbial cell surface glycome in vaginal bacteria 

from dysbiotic environments41. In this study, we report a distinct gene cluster in 

vaginal L. jensenii containing genes involved in the biosynthesis and export of cell 

surface proteins with a potential role in microbial-host interactions. We found cap8A, 

ywqD and ywqE homologues in this cluster, which have been reported to have a 

direct role in the polysaccharide production in L. lactis and Bacillus subtilis50,51. The 

presence of potential diverse glycosyl transferases indicate the role of this gene 

cluster in glycan synthesis. We found a YSIRK signal motif which is associated with 

the efficient translocation of the surface protein into cellular membranes for 

anchoring or secretion from the cell52. Moreover, the presence of a flippase, known 

to have a key role in export of lipid bound oligosaccharides in E. coli53, provides 

further evidence that this gene cluster is involved in the synthesis and translocation 

of glycans to the cell surface. The fact that these genes are associated predominantly 

with preterm strains indicates the potential for a difference in the cell surface 

glycome between preterm and full-term strains, which could have implications for 

immune evasion.   
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Further, core genome phylogeny revealed clustering of preterm and full-term strains 

in two different clades indicating genomic variations distinct to the preterm group. 

Although the PTB clade did contain three genomes from full-term deliveries, we 

noted that one of these genomes was from a woman with a previous PTB, and others 

had previous LLETZ surgery, both risk factors in themselves for PTB. Moreover, we 

identified variations in the core genes, notably in the acetate, lactate and cell wall 

related functions in preterm group. Similarly, we have also identified these gene 

variations in the publicly available L. jensenii genomes. Taken together this pattern 

raises the possibility that host vaginal conditions could select for different strains of 

L. jensenii. The largest number of non-synonymous mutations was present in an 

essential acetate metabolism gene, acetate kinase (ackA). In Escherichia coli, it has 

been shown that deletion of ackA led to severe growth impairment by the reduction 

in glucose uptake rate and concentrations of ATP generated, highlighting the 

importance of this gene54. Notably, a study of 82 pregnant women showed that levels 

of cervicovaginal fluid acetate were predictive of preterm outcome55. Another study 

with a Caucasian population reported that L. jensenii dominance and decreased 

lactate levels were observed in women who delivered preterm 30. In preterm strains, 

we identified three variations in D-lactate dehydrogenase (ldhD), a key gene 

responsible for D-lactic acid production. In addition, other mutations are found in 

core genes involved in the regulation of glycosyl hydrolases (ccpA), such as β-

glucosidase and β-galactosidase and bacterial genetic diversity (mutS2)56,57. Taken 

together, these results suggest a functional difference between full-term and 

preterm strains including lactate and acetate metabolism that may play a role in 

vaginal homeostasis. 

The findings of this study provide insights relating to strain-level genomic signatures 

of L. jensenii from preterm and full-term isolates, which could be useful in developing 

biomarkers of PTB. Possessing the genetic machinery to ferment various 

carbohydrates along with adhesion genes can be beneficial for L. jensenii to survive 

in conditions associated with preterm birth and the presence of different cell surface 

synthesis genes may even be indicative of distinct microbial-host immune 

interactions in preterm strains. The high-quality genomes generated in this study 
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enabled us to identify the subtle genomic differences in preterm and full-term 

groups. However, limitations exist due to the relatively small number of vaginal L. 

jensenii genomes and MAGs associated with PTB. Further studies with larger samples 

coupled with in vitro studies are needed to validate the implications of these genomic 

variations to better understand L. jensenii's role in preterm. 

4.6 Methods 

4.6.1 Bacterial isolation and genome sequencing 

Samples analysed in this study were previously collected as reported26 with 

institutional ethics approval by the National Maternity Hospital Research Ethics 

Committee on 15th December 2015 and maternal written consent. From the same 

swabs used for metagenomic sequencing, an aliquot of resuspension PBS was serial 

diluted and plated onto DeMan Rogosa Sharpe (MRS) agar and incubated 

anaerobically at 37oC for up to 48 h. Colonies were subcultured onto MRS agar to 

ensure purity. The 16S rRNA gene from isolates was amplified by PCR  using universal 

primers CO1 & CO258 and Sanger sequenced to identify the species. 

For whole genome sequencing, an overnight culture of an isolate identified by Sanger 

sequencing as Lactobacillus jensenii was used for extraction of genomic DNA using 

the MoBio PowerFood kit, following manufacturer's instructions. DNA was 

subsequently quantified using Qubit HS DNA quantification kit and prepares for 

shotgun sequencing following Illumina Nextera XT protocol with sequencing on the 

Illumina NextSeq 500 platform. 

4.6.2 Genome assembly of cultured isolates 

Adapter removal and quality filtering of the raw paired end fastq reads was 

performed using trim galore (v 0.6.6)59, cutadapt (v 1.18)60 and FastQC (v 0.11.9). The 

resulting filtered reads were assembled using spades (v 3.14.1)61 with isolate mode 

and L. jensenii RefSeq genome (NZ_CP018809.1) was used as reference for assembly. 

The draft genomes were further scaffolded using online Medusa with RefSeq 

genome62. The quality of the genomes was determined using QUAST (v 5.1.0)63. 
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4.6.3 Reconstruction of metagenome assembled genomes 

Metagenomic sequencing reads from the same samples cultured above and 

previously reported were used in this study26. Quality filtering and host 

contamination removal was done with read_qc module in the metaWRAP (v 1.3.2)64 

using raw paired fastq reads. The assembly of contigs from the filtered reads were 

assembled using assembly module with metaspades option in the metaWRAP 

pipeline. The assembled contigs were binned with the binning module with 

metabat2, maxbin2 and concoct options. The resulting bins were refined and 

reassembled with the filtered reads to improve the quality of the bins using 

bin_refinement and reassemble_bins modules in the metaWRAP pipeline. The bins 

with completeness ≥ 90% and contamination < 5% were considered high quality and 

retained for downstream analyses. The L. jensenii bins were identified with 

phylophlan (v 0.32)65 using SGB.Dec20 database. 

4.6.4 Pangenome and phylogenetic analysis 

The pangenome of L. jensenii genomes were reconstructed using roary (v 3.13)66 with 

“-e –r –z” parameters. The gene differences between fullterm and preterm genomes 

were identified using query_pan_genome script in the roary software. Genes 

associated with preterm birth were identified using the Scoary script. Heap’s law was 

used to determine whether the pangenome is open (γ > 0) or closed (γ < 0).  The core 

genome sequences from roary output were aligned with mafft (v 7.475)67. The 

resulting alignment was used for the reconstruction of maximum likelihood 

phylogeny using IQ-TREE (v 2.1.3)68 with 3000 bootstraps option. The output trees in 

the newick format were visualized using iTOL69. 

4.6.5 Core genome variations and gene cluster analysis 

Individual core gene families were extracted from the pangenome using roary 

multi_fasta script. The gene families were individually aligned with mafft (v 7.475)67. 

Using these sequences variations in the core genes between full term and preterm 

groups were identified with a custom python script. The genes were annotated with 

prokka70 within roary program. The function of unannotated genes was further found 

using Eggnog mapper (v 2.1.7)71 and online BLAST72 against NCBI-NR database. The 

similarity and visualisation of the gene clusters were done using EasyFig (v 2.2.5)73. 
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4.6.6 Profiling of gene clusters in publicly available genomes 

The publicly available 142 L. jensenii genomes were downloaded from the PATRIC 

database74 on 25th April 2023. The high quality 63 genomes were filtered with >90% 

completeness and <5% contamination and only vaginal isolates. Average nucleotide 

identity was calculated with L. jensenii and L. mulieris  RefSeq genomes using fastANI 

(v 1.32)75 and 10 L. mulieris genomes were removed resulting in 53 high quality L. 

jensenii genomes. The genes from the carbohydrate utitlisation and cell surface 

synthesis clusters were used as a database to identify the genes across the 53 L. 

jensenii using BLASTp (v 2.8.1)72. 
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5 Chapter 5 

Strain-level variation among vaginal Lactobacillus 

crispatus and Lactobacillus iners as identified by 

comparative metagenomics 
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5.1 Abstract 

The vaginal microbiome, a relatively simple, low diversity ecosystem crucial for 

female health, is often dominated by Lactobacillus spp. Detailed strain-level data, 

facilitated by shotgun sequencing, can provide a greater understanding of the 

mechanisms of colonization and host-microbe interactions. We analysed 354 vaginal 

metagenomes from pregnant women in Ireland to investigate metagenomic 

community state types and strain-level variation, focusing on cell surface interfaces. 

Our analysis revealed multiple subspecies, with Lactobacillus crispatus and 

Lactobacillus iners being the most dominant. We found genes, including putative 

mucin-binding genes, distinct to L. crispatus subspecies. Using 337 metagenome-

assembled genomes, we observed a higher number of strain-specific genes in L. 

crispatus related to cell wall biogenesis, carbohydrate and amino acid metabolism, 

many under positive selection. A cell surface glycan gene cluster was predominantly 

found in L. crispatus but absent in L. iners and Gardnerella vaginalis. These findings 

highlight strain-specific factors associated with colonisation and host-microbe 

interactions. 
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5.2 Introduction 

Lactobacilli play a major role in modulating the composition of the human vaginal 

microbiome. Production of lactic acid by these bacteria is an important trait that 

results in a lowering of the vaginal pH, preventing colonisation by unfavourable 

bacteria like those associated with bacterial vaginosis (BV)1–3. Additionally, 

production of hydrogen peroxide4 and antimicrobial peptides can provide a 

competitive advantage to certain lactobacilli within this niche5,6. The dominance of 

lactobacilli within the vaginal microbiome is distinct to humans, not being observed 

in other non-human mammals7. The evolutionary pressure driving this phenomenon 

is unclear, however both dietary and hormonal cycling have been suggested7,8. 

Indeed, the high concentration of glycogen within the vaginal lumen, as well as an 

abundance of mucin, may be important as Lactobacillus species have the capacity to 

use the former glycan as a carbon source, while mucin is believed to provide a distinct 

interface for interaction between vaginal microbes and the host9.     

 

The vaginal microbiome in collective datasets has previously been categorised into 

community state types (CSTs)10 primarily based on the dominant bacteria present, 

such as Lactobacillus crispatus (CST-I), Lactobacillus gasseri (CST-II), Lactobacillus 

iners (CST-III), and Lactobacillus jensenii (CST-V), with a further Lactobacillus-reduced 

community of obligate and facultative anaerobes such as Gardnerella vaginalis and 

Fannyhessea vaginae classified as CST-IV10,11. Due to the diversity of the dominant 

species, subgroupings or extensions of CSTs are often required, leading to 

discordance between reported studies. To address this, a nearest centroid based 

approach (VALENCIA) was developed to help standardise classification12. Ultimately, 

these stratification approaches are based on taxonomic abundance, whereby 

taxonomy is often assigned based on limited marker genes (as is the case for 

MetaPhlAN4)13. Therefore, the functional potential of the bacterial communities 

within the vaginal microbiome is not considered, nor are discrete genetic differences 

within species.  
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Recently, Holm and colleagues described metagenomic community state types 

(mgCSTs) based on both taxonomic and functional composition of the vaginal 

microbiomes from North American women using the non-redundant gene database, 

VIRGO14,15. Assignment of a microbiome to any mgCST is based on the relative 

abundances of metagenomic subspecies (mgSs). These mgSs are derived from 

distinct co-occurring genetic variation within a given species and thus provides more 

granular resolution of a community structure. Based on this approach a total of 27 

mgCSTs are currently recognized for the vaginal microbiome. The mgCST-based 

approach enables a more comprehensive classification of the vaginal microbiome by 

integrating taxonomic information and functional potential that are crucial to 

appreciate subtle differences in the communities. For example, the authors define 

six distinct L. crispatus mgCSTs using the mgCST classification scheme, compared to 

just one CST using the classical CST method. 

 

Multiple factors including microbial interactions, antibiotic treatment, nutrient 

availability, hormonal changes, and pregnancy can alter the composition of the 

vaginal microbiome by acting as selective pressures that further affect 

microdiversity16–22. Previous studies have shown that the bacterial communities of 

the vagina are stable during pregnancy compared to non-pregnant women11,16. 

However, strain-level studies of the vaginal microbiome are needed particularly in 

the context of pregnancy. Within other niches, analysis of metagenome assembled 

genomes (MAGs) has been shown to be a powerful approach with respect to 

describing community function23,24. Given the increasing evidence of the impact of 

subtle strain-level differences on phenotypic characteristics, it is important to 

investigate genotypes, especially those potentially involved in host-microbe 

interactions, at a resolution greater than genus and species9,25,26. Notably in this 

regard, differences with respect to mucin binding genes and vaginal cell adhesion 

have been reported between strains of L. gasseri27, while Argentini et al. have 

demonstrated that even closely related strains of L. crispatus can vary greatly in 

terms of antimicrobial and competitive abilities28. Taken together, there is much to 
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learn about the microbial interactions in this niche by employing subspecies/strain 

resolved approaches.  

The goal of this study was to perform a high-resolution profiling of vaginal 

metagenomes from pregnant women by analyses of mgCSTs and MAGs in order to 

understand observed genetic differences at both mgCST- and individual strain-level 

for genes predicted to be involved in adaptation to the vaginal niche. 

5.3 Results 

5.3.1 Metagenomic community state typing reveals multiple sub-species  

A total of 354 vaginal metagenomic samples from two Irish cohorts, high-risk preterm 

(n = 87) (PRJEB34536) and MicrobeMom (n = 267) (PRJEB48251), with a median count 

of 336,878 (interquartile range of 176,702–796,475 reads) quality trimmed microbial 

read pairs per sample, were analysed. Using the metagenomic community state type 

(mgCST) classifier approach, we grouped the metagenomes at subspecies resolution 

and established that 18 distinct mgCSTs were present across the dataset. A total of 

five metagenomic subspecies (mgSs) from Lactobacillus crispatus (mgCST 1, mgCST 

3-6) (Figure 5.1a) were identified, while three and two metagenomic subspecies 

(mgSs) were shown to correspond to Lactobacillus iners (mgCST 10-12 and 27) and 

Lactobacillus jensenii (mgCST 15 and 16), respectively. There were three mgSs 

identified for Lactobacillus gasseri (mgCST 7-9) as well as for Gardnerella vaginalis 

(mgCST 23-25), while only one subspecies was identified for Bifidobacterium breve 

(mgCST 26). In contrast, the conventional CST assignment approach, classified the 

vaginal metagenomes to only 6 CSTs (CST-1,2,3,4,5 and 8) at species level resolution. 

To investigate the dynamics and stability of mgCST throughout pregnancy, we 

compared assignment at both the 2nd and 3rd trimester in a subset of individuals (n = 

48). Our analysis revealed that 27% (13/48) of the samples exhibited intra-species 

mgCST changes (mgCST shifts with the same dominant taxon) compared to the initial 

sample. We found inter-species mgCST in 17% (8/48) of the samples, indicating shifts 

to a different dominant taxon. No differences were observed in 56% of the samples 

(27/48). 
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Figure 5.1. Metagenomic community state types (mgCSTs) identified in 354 vaginal 

metagenomes  

a. Heatmap showing the relative abundance of metagenomic subspecies in each 

sample. The barplot on the top represents the alpha diversity within the samples and 

color strip with gradients indicates the mgCSTs in each species. b, c. Pan-

metagenome heatmaps of L. crispatus and L. iners representing the gene content 

within each mgCSTs. Heatmaps are clustered based on mgCSTs and indicated by color 

strip on the top. For each non-redundant gene, a dark green cell indicates its 

presence (1), and a white cell (0) indicates its absence in the corresponding sample. 
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5.3.2 Pan-metagenomics reveal mucin-binding genes in L. crispatus 

 

Metagenomic community state types dominated by L. crispatus (48% of samples 

(173/354)) and L. iners (13% of samples (47/354)) accounted for the majority of all 

profiled metagenomes (Table 5.1). We therefore reconstructed pan-metagenomes 

of L. crispatus and L. iners using non-redundant genes of each species to understand 

differences in mgCSTs between and within these species (Figure 5.1b, 5.1c). The L. 

crispatus pan-metagenome consisted of 5943 vaginal orthologous groups (VOGs), 

with 4184 VOGs in the L. iners pan-metagenome. Both D- and L- lactate 

dehydrogenase-encoding genes were present in all L. crispatus mgCSTs (5/5 mgCSTs, 

173/173 samples) while, L. iners mgCSTs lacked the gene encoding a D-lactate 

dehydrogenase. Similarly, whilst the glycogen debranching gene (pulA) was found in 

all mgCSTs in both L. crispatus (5/5 mgCSTs, 168/173 samples) and L. iners (2/2 

mgCSTs, 47/47 samples), mucin binding genes (mucBP) were only present in L. 

crispatus mgCSTs (5/5 mgCSTs, 172/173 samples).  

Table 5.1 | Metagenomic community state types identified in the dataset 

mgCST Frequent mgSs (prevalence) Abundant mgSs Samples 

mgCST 4 Lactobacillus crispatus 4 Lactobacillus crispatus 4 85 

mgCST 1 Lactobacillus crispatus 1 Lactobacillus crispatus 1 65 

mgCST 10 Lactobacillus iners 1 Lactobacillus iners 1 35 

mgCST 16 Lactobacillus jensenii 2 Lactobacillus jensenii 2 35 

mgCST 27 Bifidobacterium dentium Enterococcus faecalis 3 18 

mgCST 8 Lactobacillus gasseri 2 Lactobacillus gasseri 2 14 

mgCST 26 Bifidobacterium breve Bifidobacterium breve 13 

mgCST 9 Lactobacillus gasseri 3 Lactobacillus gasseri 3 13 

mgCST 3 Lactobacillus crispatus 3 Lactobacillus crispatus 3 12 
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mgCST 25 Gardnerella vaginalis 5 Gardnerella vaginalis 5 11 

mgCST 7 Lactobacillus gasseri 1 Lactobacillus gasseri 1 11 

mgCST 23 Gardnerella vaginalis 3 Gardnerella vaginalis 3 10 

mgCST 12 Lactobacillus iners 3 Lactobacillus iners 3 9 

mgCST 5 Lactobacillus crispatus 5 Lactobacillus crispatus 5 7 

mgCST 15 Lactobacillus jensenii 1 Lactobacillus jensenii 1 5 

mgCST 24 Gardnerella vaginalis 4 Gardnerella vaginalis 4 4 

mgCST 6 Lactobacillus crispatus 6 Lactobacillus crispatus 6 4 

mgCST 11 Lactobacillus iners 2 Lactobacillus iners 2 3 

 

Within the pan-metagenomes, we identified a total of 405 genes unique to individual 

L. crispatus mgCSTs, with mgCSTs 1 and 6 having the largest number of unique genes, 

199/405 and 113/405, respectively. Most of these genes were annotated as 

‘hypothetical’ for mgCST 1 (167/199) and mgCST 6 (53/113). Nonetheless, of those 

that could be functionally annotated, most of the unique genes assignable to COG 

functional categories were predicted to have roles in transcription, carbohydrate 

transport and metabolism, replication and repair and cell wall-related activities 

(Supplementary Figure 5.1a). A total of 462 unique genes were identified in L. iners 

mgCSTs, corresponding to mgCST 10 (273), mgCST 11 (53) and mgCST 12 (136). 

Similar to L. crispatus, the majority of these genes, i.e., 194 genes in mgCST 10, 45 

genes in mgCST 11 and 114 genes in mgCST 12, had no assigned function. The top 

COG categories in L. iners were comparable to L. crispatus except for the defense 

mechanism category where L. iners has more mgCST-specific genes (Supplementary 

Figure 5.1b). 
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a) 

 

b) 

 

Supplementary Figure 5.1. Distribution of mgCST-Specific Genes in COG Functional 

Categories 

a, b. Barplots showing the distribution of mgCST-specific genes across various 

functional categories in L. crispatus (a) and L. iners (b).  
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5.3.3 The accessory genome shapes the phylogenetic diversity of both L. 

crispatus and L. iners 

 

To investigate the vaginal microbiome at strain-level resolution, we reconstructed 

337 high-quality metagenome-assembled genomes (MAGs; completeness > 90%, 

contamination < 5%) from 354 metagenomes. L. crispatus (154), L. iners (57), and L. 

jensenii (31) represented the most frequently reconstructed species (Figure 5.2a). 

We found that ~100,000 L. crispatus reads were required to recover a high-quality 

MAG with only ~50,000 reads required for L. iners MAG recovery (Figure 5.2b). The 

median recovery was 1 MAG per sample with a maximum recovery of 8 MAGs in a 

single sample, reflecting the distribution of species-level diversity expected from the 

vaginal microbiome. There were no instances where multiple strains/MAGs of the 

same species were recovered from a single sample.  
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Figure 5.2. Metagenome-assembled genomes (MAGs) from vaginal metagenomes.  

a. Stacked barplot showing the number of MAGs recovered from each species from 

the two cohorts. b. Boxplots are faceted by species and colored by mgCSTs 

representing the number of species-specific reads needed to recover high-quality 

MAGs from metagenomic samples. c, d. Maximum likelihood cladograms of L. 

crispatus (c) and L. iners (d) reconstructed based on core genomes. Branches are 

colored based on the phylogenetic clades and color strips from inner to outermost 

represent mgCSTs, antibiotic usage, sample collection timepoint, cohort and delivery 

outcome. 
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High-quality MAGs from L. crispatus and L. iners were used for phylogenetic analysis. 

Core genome (genes present in 95-100% of MAGs of that species) phylogenetic 

comparison revealed the presence of three major clades for L. crispatus whilst there 

were two major clades for L. iners (Figure 5.2c and 5.2d). There did not appear to be 

any relationship between mgCST classification and phylogenetic clades of the core 

genomes for either L. crispatus or L. iners. Furthermore, we reconstructed accessory 

genome (genes present in <15% of MAGs) phylogenies for L. crispatus and L. iners to 

investigate the concordance with the core phylogeny. This analysis revealed a 

topological discordance between core and accessory genome phylogenies in both L. 

crispatus and L. iners with a robinsonfould-distance of 0.58 and 0.70, respectively, 

indicating accessory genome content might play a role in shaping phylogenetic 

diversity within these species (Figure 5.3a and 5.3b). 
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Figure 5.3. Phylogenetic Trees of L. crispatus and L. iners. 

 a, b. Maximum likelihood phylogenetic trees of L. crispatus (a) and L. iners (b) 

reconstructed based on accessory genome content. Branches are colored based on 

the phylogenetic clades and the color strip represents the core genome phylogenetic 

clades. 

 

5.3.4 The intra-species genetic diversity of vaginal L. crispatus is greater 

than that of L. iners 

 

We reconstructed the pangenomes for L. crispatus and L. iners, as these species are 

supported by at least 50 high-quality metagenome-assembled genomes (MAGs) each 

to understand the strain-level differences between the clades (Figure 5.4a and 5.4b). 

The pangenomes of L. crispatus and L. iners contained a total of 8831 and 3221 gene 

families, respectively. Within L. crispatus, 1109 gene families (12.5% of pangenome) 

were present in more than 95% of the MAGs (core genome) while 5415 gene families 

(61.3%) were present in less than 15% (cloud genome). For L. iners, the core genome 

comprised of 835 gene families (25.9%) and had a cloud genome of 1805 (56%). 

Additionally, we randomly sampled three sets of 57 L. crispatus MAGs to match L. 

iners sample size and reconstructed the pangenome and found cloud gene content 

(mean count of 3322 genes - 53% of pangenome) was always larger than the core 

(mean count of 1116 genes - 18% ) in the L. crispatus pangenome (Supplementary 

Figure 5.2a). Further analysis revealed an open pangenome (γ>0) for both L. crispatus 

(γ=0.25) and L. iners (γ=0.26) suggesting high intra-species genetic diversity. 

Next, we examined the distribution profiles of core and cloud genes in L. crispatus 

and L. iners in various functional categories. Genes putatively involved in cell wall 

biogenesis (Cloud - 184 vs Core - 35), carbohydrate (160 vs 34) and amino acid 

transport, and metabolism (151 vs 34) appeared to be more abundant in the cloud 

of L. crispatus compared to the core (Supplementary Figure 5.2b). In contrast, we 

found a similar number of cloud and core genes in the L. iners pangenome associated 

with cell wall biogenesis (Cloud – 30 vs Core - 22), carbohydrate (36 vs 42) and amino 
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acid transport and metabolism (30 vs 22) categories. Inter-clade analysis within the 

L. crispatus species revealed 16 genes that were specific to clade-1. No other L. 

crispatus clades had unique genes. Of the 16 genes from clade-1, all were annotated 

as encoding for hypothetical proteins. There were no clade-specific genes identified 

in L. iners. 

 

Figure 5.4. Pangenomes of L. crispatus and L. iners reconstructed from high-quality 

MAGs.  

a, b.  Pangenome heatmaps of L. crispatus (a) and L. iners (b) representing the gene 

content within each MAG. The heatmaps were clustered based on accessory clades 
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indicated with color strip on the side. For each gene, a dark green cell indicates its 

presence, and a white cell indicates its absence in the corresponding MAG. The color 

strip on the top indicates the pangenome category of the corresponding gene and 

side color strips represents the core genome phylogenetic clades and mgCSTs. 

 

a) 

 

b) 
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Supplementary figure 5.2. Pangenome content distribution across various 

functional categories in L. iners and L. crispatus 

a. Stacked barplots showing the comparison of proportion of the cloud and core gene 

content between L. iners and three random samplings of L. crispatus. b. Barplots of 

L. crispatus (n=170) and L. iners (n=76) showing the distribution of the genes of each 

pangenome category across various functional categories. 
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5.3.5 Metagenomic strain profiling reveals potential genes involved in host-

microbe interface in L. crispatus 

Given the marked differences in identified strain-specific genes between L. crispatus 

and L. iners, we aimed to identify the genes driving this by searching for genes under 

positive selection in the metagenomic data. We found 28 genes under positive 

selection in L. crispatus and four genes in L. iners (Figure 5.5a). The most prevalent 

genes under positive selection in L. crispatus were predicted to encode transposons 

(DDE_Tnps), ATP-binding cassette transporters (ABC transporters), S-layer associated 

protein (SLAP), Gram positive cell wall anchor (Gram_pos_anchor) and mucin-binding 

protein (MucBP). These genes were found irrespective of the associated mgCSTs 

assigned to the source metagenome. In L. iners, three genes were related to 

membrane transport (ABC transporters and bPH_2) and the other is annotated as 

encoding a domain of unknown function (DUF4355).  

Five species (L. crispatus, L. gasseri, L iners, L. jensenii, and G. vaginalis) provided 

greater than 20 high quality MAGs. Within these we observed that a putative cell 

surface glycan encoding gene cluster containing mucBP was predominantly present 

in L. crispatus (86%, 113/154) and not in L. iners (0/57) or G. vaginalis (0/26) (Figure 

5.5c). In L. jensenii and L. gasseri, we found this gene cluster in 36% (11/30) and 30% 

(6/20) of the samples, respectively. Moreover, we found that a lower microbiome 

alpha diversity in a given sample is correlated with a higher probability of detecting 

this cell surface glycan gene cluster in L. crispatus and L. jensenii (p = 0.005) species 

(Figure 5.5b).  

Finally, we extended this investigation to publicly available genomes of L. crispatus 

(n = 406) and L. iners (n = 279) from different countries and sampling sites to survey 

the presence of this cell surface gene cluster in a more geographically broader 

context. We found similar results to our dataset, where the gene cluster was present 

in 63% (256/406) of L. crispatus genomes, yet absent in L. iners (0/279) 

(Supplementary Figure 5.3). 
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c) 

 

Figure 5.5. Strain level profiling of major vaginal bacteria  

a. Stacked barplots faceted by species and colored by mgCSTs representing the 

number of genes under positive selection in L. crispatus and L. iners with Pfams 

annotation. b. Scatterplots faceted by species shows the correlation between 

Shannon diversity index and the number of cell surface glycan cluster genes detected 

in the MAGs from all the samples, with Spearman’s rho and corresponding p-values 

indicating the strength and significance of each correlation. c. Heatmap showing the 

presence and absence of genes from cell surface glycan gene cluster across major 

vaginal bacteria. The x-axis represents the genes from the gene cluster. For each 

gene, a blue cell indicates its presence, and a white cell indicates its absence in the 

corresponding genome. The heatmap was clustered by the similarity of gene content 
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and separated by species indicated by the color strip on the side. The barplot on the 

side represents the alpha diversity in the metagenomic sample and color strips 

represent mgCST, delivery outcome and trimester.  

 

Supplementary Figure 5.3. Presence of cell surface gene cluster in publicly available 

genomes. 

Heatmap showing the presence and absence of genes from cell surface glycan gene 

cluster in publicly available L. crispatus and L. iners genomes. The x-axis represents 

the genes from the gene cluster. For each gene, a blue cell indicates its presence, and 

a white cell indicates its absence in the corresponding genome. The heatmap was 

clustered based on the species indicated by the color strip on the side and other color 

strip represent the isolation country of the corresponding genome. 
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5.4 Discussion 

Understanding the genetic diversity among strains in a microbial community is often 

very important29. In particular, for putatively beneficial bacteria like lactobacilli, there 

is a requirement to differentiate specific strains that have greater therapeutic 

potential from those that do not30–34. Within the vaginal tract, it has been widely 

reported that L. crispatus is distinctly associated with better health outcomes35–38. As 

such, the general consensus appears to be to promote a microbiome dominated by 

this species. This however does not consider diversity within the species, or any other 

species within the vagina. Approaches to study the vaginal microbiome have more 

often relied on a metataxonomic approach, which does not provide the resolution 

required to understand functional differences at strain level39–41. Within our 

metagenomic data we revealed the presence of multiple subspecies of bacteria with 

a diverse gene repertoire in the vaginal microbiome underscoring the importance of 

studying functional differences even in compositionally similar data. The presence of 

mgCST-specific genes in L. crispatus and L. iners related to cell-wall and defence 

mechanisms suggests different functions of the strains in the vaginal environment. A 

previous report has shown that Limosilactobacillus reuteri strains with mucus 

adhesins can exert immunoregulatory effects in the gut42. Furthermore, mucus-

binding proteins from Lactiplantibacillus plantarum have shown inhibition towards 

enterotoxigenic E. coli cells43. The presence of mucin-binding genes in metagenomes 

dominated by L. crispatus, but not in L. iners, may have similar functional implications 

in the vaginal microbiome in terms of bacterial adhesion and pathogen resistance.  

The genomic diversity among L. crispatus strains has recently been reported and 

reveals that this results in phenotypic variation, particularly with respect to glycogen 

metabolism, a major carbon source in the vaginal environment that can determine 

colonization levels and associated persistence, as well as microbe-host 

communication ability of the strains9,26. Our results show that a gene (pulA), encoding 

a putative glycogen degrading activity, pullulanase, is present in all mgCSTs of both 

L. crispatus and L. iners, indicating the importance of this enzyme in glycogen 

metabolism within the vaginal ecosystem. Separately, previous studies have shown 
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that D-lactate is more protective against unfavourable vaginal communities than L-

lactate and its levels are highest when L. crispatus is dominant44,45. The presence of 

D- and L-lactate dehydrogenase-encoding genes in all L. crispatus mgCSTs, but the 

absence of D-lactate dehydrogenase gene in L. iners, is in line with previous 

literature46. However, Holm and colleagues have reported that the D-lactate 

dehydrogenase gene is missing in mgCST 2, one of the subspecies of L. crispatus, and 

that samples dominated by mgCST 2 were compositionally more diverse and had 

fewer L. crispatus strains compared to other mgCSTs15. Interestingly, we did not find 

any samples with mgCST 2 in our dataset, which contains data from samples collected 

predominantly from healthy women. Altogether, our analysis of taxonomic 

composition of the vaginal microbiome, coupled with its functional potential, offers 

insights that are vital for understanding the mechanisms underlying the maintenance 

of a healthy vaginal environment. 

A recent pangenomic survey of major vaginal lactobacilli showed that genes related 

to adherence functions in L. crispatus and L. iners are strain specific47. In line with 

this, we report that a high number of cloud genes compared to core genes were 

found in cell wall biogenesis, carbohydrate and amino acid metabolism functional 

categories in L. crispatus compared to L. iners. Furthermore, our pangenome analysis 

revealed open-pangenomes indicating high intra-species genetic diversity among 

vaginal L. crispatus and L. iners strains. This strain-specific genetic diversity, especially 

in critical functional categories, may underpin differences in colonization efficiency, 

resilience to environmental stresses, and interactions with the host. Interestingly, we 

observed a higher positive selection signature among genes related to host-microbe 

interface in L. crispatus suggesting a continuous evolutionary pressure for 

adaptation. Mainly, we noted cell wall anchor genes with YSIRK signal motifs and 

mucin-binding genes along with transposons and S-layer associated proteins as major 

genes under positive selection. A recent study has also shown a positive selection 

signature in Lactobacillus adhesin genes in non-pregnancy cohorts suggesting a 

ubiquitous selection pressure on these genes48. Mucin-binding and cell surface genes 

are of critical importance as they directly interact with the host epithelial cells and 

immunity systems49–51. 
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Our previous genomics work on Lactobacillus jensenii highlighted a cell surface gene 

cluster which harbours identical cell wall anchor genes and mucin-binding genes 

along with glycosyltransferases (GTs) and gene machinery required for export of 

proteins to the cell surface52. Zeng and colleagues also showed that MucBP-like 

domains and a similar cell surface gene cluster in a vaginal Lactobacillus gasseri strain 

plays an important role in adhesion to vaginal epithelium through gene knockout 

experiments27. Interestingly, we observed this gene cluster to be predominantly 

present in L. crispatus, both in our dataset and public genomes, but not in L. iners 

and Gardnerella vaginalis, indicating potential species-specific cell surface 

adaptations. Furthermore, most of the variations within the gene cluster in L. 

crispatus were found in GTases, suggesting a strain-specific microbial cell surface 

glycome that could be crucial for interactions with vaginal epithelial cells. Moreover, 

the gene cluster is mainly detected in samples with low alpha diversity indicating the 

importance of cell surface adaptations in establishing a dominant and stable 

colonization. Overall, these observations underscore the significance of the cell 

surface gene cluster and its associated genes in potential host-microbe interactions.  

Taken together, our findings highlight the critical role of Lactobacillus strain diversity 

in vaginal microbial ecology, with a specific emphasis on genes predicted to be 

involved in glycogen metabolism, mucin-binding, and cell surface adaptations. The 

observed positive selection signature among host-microbe interface genes and the 

presence of species-specific cell surface gene clusters in L. crispatus underline 

evolutionary adaptations for the vaginal niche. Whilst all these genomic comparisons 

reveal distinctions with respect to gene content, it still needs to be determined 

whether a phenotypic difference is also present within strains. Future RNA-seq 

experiments both in vitro and direct-from-swabs would provide a valuable insight 

into the degree of functional variation within the members of the vaginal microbiota. 

Nonetheless, our study underscores the importance of strain-level genomic analysis 

but also opens avenues for novel probiotic developments to support the vaginal 

microbiome. Further studies with a more diverse dataset are needed to fully 

understand the implications of strain-level variations in the vaginal microbiome and 

how this may influence measured health outcomes. 
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5.5 Methods 

5.5.1 Metagenomic community state typing and pan metagenome 

reconstruction 

Raw 354 vaginal metagenomic samples from two Irish pregnancy cohorts, high-risk 

preterm (n = 87) (PRJEB34536) and MicrobeMom (n = 267) (PRJEB48251) were used 

for the analysis53–55. Inclusion criteria for both cohorts are previously described (52-

54). In brief, samples from the high-risk preterm group were pregnant, > 18 years of 

age, either had previous preterm birth or undergone LLETZ surgery, or no known risk 

factor (as control group), whilst those from the MicrobeMom group were pregnant, 

>18 years of age, a BMI between 18.5 and 35 kg/m2, no gestational diabetes, and 

singleton pregnancy. The samples were collected from 240 individual participants at 

different timepoints throughout pregnancy. 94% (225/240) of the participants 

delivered full-term while 6% (15/240) were preterm. Quality filtering and host 

contamination removal was performed using Trim Galore (v 0.6.0) and Hostile (v 

0.1.0) respectively56,57. Alpha diversity of the samples was calculated using VIRGO 

output with VEGAN r package58. The quality filtered reads were annotated against 

the VIRGO database using built-in scripts14. The annotated files were used as input 

for metagenomic subspecies identification using mgCST classifier15. The non-

redundant gene profiles of Lactobacillus crispatus and Lactobacillus iners dominant 

samples were used for pan-metagenome reconstruction. The Clusters of Orthologous 

Genes annotation from VIRGO database were used for identifying functional 

categories.  

5.5.2 Reconstruction of metagenome assembled genomes 

Metagenome-assembled genomes were reconstructed using quality filtered reads 

with MetaWRAP (v 1.2.1)59. The contigs were assembled using assembly module with 

metaspades option in the MetaWRAP pipeline. The assembled contigs were binned 

using binning module with MetaBAT2, Maxbin2 and CONCOCT options. The resulting 

bins were refined using bin_refinement and reassemble_bins module in the 

MetaWRAP pipeline. The bins were quality checked with CheckM (v 1.0.18) and only 

high-quality bins with completeness ≥90 % and contamination <5 % were used for 

downstream analyses60. The taxonomy of the bins was assigned using GTDB-Tk (v 
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1.5.0)61. The number of reads per species needed for MAG recovery was determined 

based on the number of reads assigned to that species in Kraken2 (v 2.1.1) and 

Bracken (v 2.2) outputs 62,63. 

5.5.3 Pangenome reconstruction and phylogenetic analysis 

The pangenomes for L. crispatus and L. iners were reconstructed using Roary (v3.12) 

with ‘-e –n --mafft’ options with PROKKA (v 1.14) annotation as input64,65. The 

pangenome categories assigned by Roary were used to define the core genes (99% 

<= strains <= 100%), Soft core genes (95% <= strains < 99%), Shell genes (15% <= 

strains < 95%) and Cloud genes (0% <= strains < 15%). Heap’s law was used to 

determine whether the pangenome is open (γ > 0) or closed (γ < 0) with 

Heap_law_for_roary script. The concatenated core genome sequences from Roary 

output were aligned with MAFFT (v 7.475)66. The accessory binary tree was used for 

tree reconstruction. Maximum likelihood phylogeny was reconstructed using 

multiple sequence alignment with IQ-TREE2 (v 2.1.3) with 500 bootstraps67. Output 

trees were visualised using iTOL68. The distance between core genome phylogeny and 

accessory phylogeny was computed using Robinson-Foulds (RF) distance with 

Phangorn R package69,70. The COG functional categories for gene families in the 

pangenomes of L. crispatus and L. iners were assigned using eggNOG-mapper (v 

2.1.7)71. 

5.5.4 Strain profiling of MAGs and publicly available genomes 

InStrain (v 1.8.0) was used to identify the genes under positive selection72. The high-

quality MAGs were dereplicated at 98% identity using dRep (v 3.2.0) and 

representative MAGs database was built using bowtie2 (v 2.4.4)73,74. The quality 

filtered metagenomic reads were mapped against the MAGs database using bowtie2. 

The resulting alignment files were used for inStrain gene profiling and further 

identification of genes under positive selection (dn/ds > 1). Pfam annotations from 

the eggNOG-mapper output was used to assign the function of the genes. 

The publicly available high-quality vaginal L. crispatus (n = 406) and L. iners (n = 279) 

genomes were downloaded from PATRIC database on 22nd February 202475. 

Previously identified cell surface gene cluster genes were used to construct a BLASTp 

(v 2.8.1) database52,76. Protein coding sequences were predicted using Prodigal (v 
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2.6.3) from high-quality MAGs generated from our dataset and publicly available 

genomes77. The resulting sequences were mapped against the database to identify 

genes from cell surface gene cluster using BLASTp. 

5.6 Data availability 

The datasets used in this study can be accessed from ENA using accessions 

PRJEB34536 (high-risk preterm) and PRJEB48251 (MicrobeMom). 
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In recent years, the dynamic interplay between maternal and infant microbiomes 

during the perinatal period has gained recognition as a key determinant of early-life 

health1–5. The work presented in this thesis advances existing research by 

emphasising the importance of strain-level resolution for understanding these 

microbial communities. While prior investigations have established that the infant’s 

gut microbiome is partially seeded by maternal bacteria from sources such as the gut, 

breastmilk, and vaginal tract1,6–9, much of this earlier research relied on species-level 

analyses, which can mask important genetic and functional variability within 

individual taxa. To address this, this thesis employ cutting-edge bioinformatic 

approaches to reconstruct metagenome-assembled genomes and track minor 

genomic variations, thereby revealing how even closely related strains may differ 

profoundly in their capacity for colonisation, their functional gene repertoires, and 

their potential influences on outcomes such as gestational length. 

A strong focus of this thesis is on the mother-infant gut microbiome axis. Chapter 2 

illustrates how different binning tools can drastically influence the number and 

quality of recovered MAGs and, consequently, the observed frequency of mother-

infant strain-sharing events. In comparing MetaBAT2 and MetaWRAP, it became 

apparent that MetaWRAP recovered a larger number of high-quality MAGs, including 

those with increased completeness and more frequent identification of critical genes 

like 16S rRNA. A previous report identified the absence of ribosomal genes in a large 

number of MAGs, attributing this issue to codon usage bias and binning algorithms10. 

This problem can be partially improved by employing multiple binning tools as shown 

in our work. Furthermore, more refined MAGs from MetaWRAP allowed 

identification of a higher percentage of shared strains than had been found with the 

MetaBAT2 MAGs, particularly for genera such as Bacteroides and Phocaeicola, and it 

also enabled the detection of more antimicrobial resistance genes. Identifying strain 

transmissions particularly from these genera are crucial as they can persist even after 

solid food introduction due to their diverse carbohydrate utilisation gene repertoire 

and their role in immune maturation11,12. Furthermore, previous studies have shown 

that antibiotics during labour significantly impact the strain transfers4,13,14, and 

identification of resistant strains is crucial for understanding the consequences of 
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antibiotic exposure on infants health15,16. These findings highlight the importance of 

carefully selecting bioinformatic methods and generating data of the highest possible 

quality to avoid biased or incomplete results when quantifying strain transmission.  

Chapter 3 extends this narrative by identifying a potential functional basis for why 

certain strains, rather than simply the most abundant species, succeed in 

transmission and colonisation from mother to infant. Specifically, it shows that 

microbes harbouring genes for human milk oligosaccharide (HMO) utilisation, 

particularly when these genes encode secreted glycosyl hydrolases with signal 

peptides, are more frequently shared between mother and infant. This aligns with 

existing literature that suggests Bifidobacterium species can utilise HMOs and are the 

dominant species in the infant gut microbiome17,18. Previous report showed 

differences in Bifidobacterium longum strains between adults and infants19. Infant-

derived strains have been shown to be capable of utilising human milk 

oligosaccharides, while adult-derived strains are better adapted to fermenting plant 

oligosaccharides. This functional advantage suggests that microbial success in 

establishing in the infant gut is linked not only to their prevalence in the maternal 

microbiome but also to their ability to utilise the HMO-rich diet of breastfed 

neonates. Notably, additional strain-sharing events were also identified at later 

postpartum timepoints. 

In Chapters 4 and 5, the focus shifts to the maternal vaginal microbiome, which, 

although less studied than the gut in terms of strain-level analyses, emerges as a 

potentially critical factor influencing pregnancy duration and infant health 

outcomes20–22. Chapter 4 examines Lactobacillus jensenii isolates from preterm and 

full-term pregnancies. Even though Lactobacilli are generally considered beneficial 

for maintaining a low-pH vaginal environment23–25, detailed phylogenetic and 

genomic comparisons revealed important differences in their genetic signatures. In 

particular, preterm-associated strains carried variations in genes linked to cell wall 

formation, lactate and acetate metabolism, and they also possessed a distinct gene 

cluster implicated in the synthesis of a cell surface-anchored protein. A previous 

study by Veer et al. also observed variations in cell surface glycosyltransferases 

among Lactobacillus crispatus strains26. Additionally, differences in vaginal cell 
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adhesion genes were also detected in Lactobacillus gasseri strains27. These findings 

raise the possibility that certain L. jensenii strains, rather than acting solely as 

protective commensals, might contribute to or reflect vaginal conditions conducive 

to preterm birth. This subtle within-species variability illustrates how two strains of 

the same bacterial species could have markedly different impacts on pregnancy 

outcomes, highlighting why investigating taxa at a finer resolution is both illuminating 

and essential. 

Chapter 5 continues this exploration of the vaginal microbiome by comparing 

Lactobacillus crispatus and Lactobacillus iners, which are often the most dominant 

Lactobacilli in healthy pregnancies20,28. Through comparative metagenomics, it is 

clear that L. crispatus strains exhibit a far broader array of strain-specific genes, many 

of which are related to mucin-binding, cell wall biogenesis, and glycogen metabolism. 

A notable discovery is a cell surface glycan gene cluster, present in many L. crispatus 

strains but absent in L. iners and Gardnerella vaginalis, that may underpin more 

effective colonisation or stronger host–microbe interactions. Such findings shed light 

on the different ecological strategies these Lactobacilli employ in the vaginal tract 

and emphasise the possibility that certain strains with specific gene clusters could 

confer a protective advantage in terms of preventing bacterial vaginosis or, 

conversely, be linked to heightened risk if the adaptations somehow undermine 

vaginal homeostasis. A recent study by Decout et al. revealed that the surface layer 

proteins of L. crispatus are involved in anti-inflammatory modulation, while L. iners 

and G. vaginalis interact with pro-inflammatory immune receptors29. The fact that 

the vaginal microbiome’s strain-level dynamics are comparatively underexplored 

makes these chapters particularly novel, as they demonstrate how small-scale 

genetic differences in key Lactobacillus species might shape pregnancy length and, 

by extension, infant outcomes. Future work will include functional characterisation 

of these strain-level differences through targeted experiments assessing cell wall 

composition and vaginal epithelial cell models, aimed at elucidating strain-specific 

immune responses and their implications for vaginal health and pregnancy 

outcomes. 
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Taken as a whole, the thesis reveals that the process of maternal-infant microbial 

transmission is far from uniform or merely dependent on the most numerically 

dominant species in maternal niches. Instead, a combination of parameters, such as 

maternal physiology, microbial functional genes, delivery mode, and environmental 

factors like antibiotic exposure/treatment, determine which strains transfer from 

mother to infant, and whether they manage to establish and persist. This interplay is 

especially striking when comparing results across the gut and vaginal ecosystems. 

While the maternal gut remains the principal reservoir for a large proportion of the 

infant gut microbiome3–5, the vaginal microbiome can exert influence on the timing 

of birth itself potentially affecting which bacterial communities an infant encounters 

during delivery3,8 and thus indirectly on the newborn’s early microbial composition. 

Highlighting these parallels and differences adds depth to our understanding of the 

interconnectedness of these maternal niches. 

Nevertheless, several limitations and avenues for future research are evident. In 

particular, short-read metagenomic sequencing, though widely used, can struggle 

with highly repetitive genomes or very closely related strains, indicating that 

integrating long-read or hybrid sequencing may yield even more complete MAGs30,31. 

The work presented here also relied primarily on genomic data, which, while 

powerful for predicting functional potential, cannot confirm active gene expression 

or the production of metabolites that might interact with the host. Adding 

transcriptomic, metabolomic, or culture-based evidence would help bridge the gap 

between predictive genomics and observable phenotypes. Moreover, direct 

mechanistic studies could clarify how certain genes, such as those in the novel cell 

surface clusters identified in L. jensenii or L. crispatus, influence microbial 

interactions with host epithelial cells or modulate immune responses that could 

predispose to preterm delivery. 

Overall, this thesis demonstrates that paying close attention to strain-level 

differences is necessary to capture the inherent complexity of the maternal-infant 

microbial interface. It highlights how important functional capacities, like 

carbohydrate metabolism or cell surface protein synthesis, may govern which 

bacteria succeed in transitioning from mother to infant and perhaps shape crucial 
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outcomes such as gestational age at birth. From a clinical and public health 

perspective, these insights open up the prospect of developing targeted probiotic 

interventions or nutritional strategies that can favourably alter the maternal 

microbiome, promoting the transfer of beneficial strains and limiting those 

associated with negative outcomes. At the same time, the findings highlight that 

“beneficial” species can harbour strains whose effects on pregnancy health are not 

straightforward. Deepening our grasp of these nuances will require both larger 

datasets and stronger experimental designs, but the framework established here 

emphasising robust bioinformatic methodology and functional analysis lays the 

groundwork for future studies that could ultimately help optimise maternal and 

infant health by shaping microbial exposures in the perinatal period. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 177 

6.1 References 

1. Dominguez-Bello, M. G. et al. Delivery mode shapes the acquisition and 

structure of the initial microbiota across multiple body habitats in newborns. 

Proceedings of the National Academy of Sciences 107, 11971–11975 (2010). 

2. Yatsunenko, T. et al. Human gut microbiome viewed across age and 

geography. Nature 486, 222–227 (2012). 

3. Ferretti, P. et al. Mother-to-Infant Microbial Transmission from Different 

Body Sites Shapes the Developing Infant Gut Microbiome. Cell Host and Microbe 24, 

133-145.e5 (2018). 

4. Feehily, C. et al. Detailed mapping of Bifidobacterium strain transmission 

from mother to infant via a dual culture-based and metagenomic approach. Nat 

Commun 14, 3015 (2023). 

5. Manara, S. et al. Maternal and food microbial sources shape the infant 

microbiome of a rural Ethiopian population. Current Biology (2023) 

doi:10.1016/j.cub.2023.04.011. 

6. Benito, D. et al. Characterization of Staphylococcus aureus strains isolated 

from faeces of healthy neonates and potential mother-to-infant microbial 

transmission through breastfeeding. FEMS Microbiology Ecology 91, fiv007 (2015). 

7. Makino, H. et al. Multilocus sequence typing of bifidobacterial strains from 

infant’s faeces and human milk: are bifidobacteria being sustainably shared during 

breastfeeding? Benef Microbes 6, 563–572 (2015). 

8. Dos Santos, S. J. et al. Maternal vaginal microbiome composition does not 

affect development of the infant gut microbiome in early life. Front. Cell. Infect. 

Microbiol. 13, (2023). 

9. Mitchell, C. M. et al. Delivery Mode Affects Stability of Early Infant Gut 

Microbiota. Cell Reports Medicine 1, 100156 (2020). 

10. Mise, K. & Iwasaki, W. Unexpected absence of ribosomal protein genes from 

metagenome-assembled genomes. ISME Communications 2, 118 (2022). 



 178 

11. Browne, H. P., Shao, Y. & Lawley, T. D. Mother–infant transmission of human 

microbiota. Current Opinion in Microbiology 69, 102173 (2022). 

12. Mazmanian, S. K., Liu, C. H., Tzianabos, A. O. & Kasper, D. L. An 

Immunomodulatory Molecule of Symbiotic Bacteria Directs Maturation of the Host 

Immune System. Cell 122, 107–118 (2005). 

13. Lemas, D. J. et al. Exploring the contribution of maternal antibiotics and 

breastfeeding to development of the infant microbiome and pediatric obesity. 

Seminars in Fetal and Neonatal Medicine 21, 406–409 (2016). 

14. Yassour, M. et al. Natural history of the infant gut microbiome and impact of 

antibiotic treatment on bacterial strain diversity and stability. Science Translational 

Medicine 8, 343ra81-343ra81 (2016). 

15. Patangia, D. V., Ryan, C. A., Dempsey, E., Stanton, C. & Ross, R. P. Vertical 

transfer of antibiotics and antibiotic resistant strains across the mother/baby axis. 

Trends Microbiol 30, 47–56 (2022). 

16. Azad, M. et al. Impact of maternal intrapartum antibiotics, method of birth 

and breastfeeding on gut microbiota during the first year of life: a prospective cohort 

study. BJOG: An International Journal of Obstetrics & Gynaecology 123, 983–993 

(2016). 

17. Kiely, L. J., Busca, K., Lane, J. A., van Sinderen, D. & Hickey, R. M. Molecular 

strategies for the utilisation of human milk oligosaccharides by infant gut-associated 

bacteria. FEMS Microbiology Reviews 47, fuad056 (2023). 

18. Taft, D. H. et al. Bifidobacterial Dominance of the Gut in Early Life and 

Acquisition of Antimicrobial Resistance. mSphere 3, 10.1128/msphere.00441-18 

(2018). 

19. Sela, D. A. & Mills, D. A. Nursing our microbiota: molecular linkages between 

bifidobacteria and milk oligosaccharides. Trends in Microbiology 18, 298–307 (2010). 

20. Baud, A. et al. Microbial diversity in the vaginal microbiota and its link to 

pregnancy outcomes. Sci Rep 13, 9061 (2023). 



 179 

21. Gudnadottir, U. et al. The vaginal microbiome and the risk of preterm birth: a 

systematic review and network meta-analysis. Sci Rep 12, 7926 (2022). 

22. Zhou, L. et al. Effects of vaginal microbiota transfer on the neurodevelopment 

and microbiome of cesarean-born infants: A blinded randomized controlled trial. Cell 

Host & Microbe 31, 1232-1247.e5 (2023). 

23. Ravel, J. et al. Vaginal microbiome of reproductive-age women. Proceedings 

of the National Academy of Sciences 108, 4680–4687 (2011). 

24. Lebeer, S. et al. A citizen-science-enabled catalogue of the vaginal 

microbiome and associated factors. Nat Microbiol 8, 2183–2195 (2023). 

25. Amabebe, E. & Anumba, D. O. C. The vaginal microenvironment: The 

physiologic role of Lactobacilli. Frontiers in Medicine 5, 181 (2018). 

26. Veer, C. V. D. et al. Comparative genomics of human Lactobacillus crispatus 

isolates reveals genes for glycosylation and glycogen degradation: Implications for in 

vivo dominance of the vaginal microbiota. Microbiome 7, 1–14 (2019). 

27. Zeng, Z., Zuo, F. & Marcotte, H. Putative Adhesion Factors in Vaginal 

Lactobacillus gasseri DSM 14869: Functional Characterization. Applied and 

Environmental Microbiology 85, e00800-19 (2019). 

28. MacIntyre, D. A. et al. The vaginal microbiome during pregnancy and the 

postpartum period in a European population. Sci Rep 5, 8988 (2015). 

29. Decout, A. et al. Lactobacillus crispatus S-layer proteins modulate innate 

immune response and inflammation in the lower female reproductive tract. Nat 

Commun 15, 10879 (2024). 

30. Orellana, L. H., Krüger, K., Sidhu, C. & Amann, R. Comparing genomes 

recovered from time-series metagenomes using long- and short-read sequencing 

technologies. Microbiome 11, 105 (2023). 

31. Eisenhofer, R. et al. A comparison of short-read, HiFi long-read, and hybrid 

strategies for genome-resolved metagenomics. Microbiology Spectrum 12, e03590-

23 (2024). 

 


	Declaration
	Acknowledgements
	Abstract
	Publications
	Abbreviations
	1 Chapter 1 Introduction
	1.1 Introduction
	1.2 Maternal Gut Microbiome: A Major Reservoir for Infant Colonization
	1.3 Role of breastmilk in infant microbiome development
	1.4 Maternal Vaginal Microbiome and Its Contribution to Infant Gut Colonisation
	1.5 Maternal Oral and Skin Microbiomes: Additional Routes of Microbial Transmission
	1.6 Factors Influencing Maternal-Infant Strain Transmission
	1.6.1 Delivery Mode
	1.6.2 Antibiotic Exposure

	1.7 Computational Approaches to Investigate Strain Sharing in Mother–Infant Microbiomes
	1.8 Conclusion
	1.9 References

	2 Chapter 2 Metagenomic Binning Tool Selection Substantially Impacts Microbiome Strain-Sharing Inferences in Mother-Infant Pairs
	2.1 Abstract
	2.2 Introduction
	2.3 Results
	2.3.1 Binning Tool Selection Impacts the Number, Diversity, and Quality of MAGs Reconstructed from Gut Metagenomes
	2.3.2 Binning Tool Selection Impacts Ribosomal Gene Reconstruction
	2.3.3 Binning Tool Selection Impacts the Efficiency of Antibiotic Resistance Gene Detection
	2.3.4 Binning Tool Selection Impacts the Detection of Mother-Infant Strain Sharing Events

	2.4 Discussion
	2.5 Methods
	2.5.1 Reconstruction of metagenome assembled genomes
	2.5.2 Taxonomy and MAGs quality metrics
	2.5.3 Identification of ribosomal genes, AMR and strain sharing events

	2.6 Data availability
	2.7 References

	3 Chapter 3 Enrichment of Human Milk Oligosaccharide Utilisation Genes in Bacteria Shared Between Mothers and Infants
	3.1 Abstract
	3.2 Introduction
	3.3 Results
	3.3.1 Taxonomic landscape of the early life microbiome
	3.3.2 Species common to mother and infant gut microbiomes
	3.3.3 Shared strains in mother-infant pairs
	3.3.4 Characterisation of glycosyl hydrolases in early life infant gut microbiome
	3.3.5 Carbohydrate utilisation gene profiles of frequently transferred bacterial species

	3.4 Discussion
	3.5 Methods
	3.5.1 Preprocessing and taxonomic analysis
	3.5.2 Reconstruction of metagenome assembled genomes (MAGs) and strain tracking
	3.5.3 Profiling of glycosyl hydrolases in metagenomes and MAGs

	3.6 References

	4 Chapter 4 Profiling of vaginal Lactobacillus jensenii isolated from preterm and full-term pregnancies reveals strain-specific factors relating to host interaction.
	4.1 Abstract
	1.1
	1.1
	4.2 Data Summary
	4.3 Introduction
	4.4 Results
	4.4.1 Isolation and sequencing of Lactobacillus jensenii
	4.4.2 Pangenome and phylogenomic analysis reveals a distinct grouping of preterm and full-term L. jensenii genomes.
	4.4.3 Genetic variation and genes distinct to PTB associated L. jensenii
	4.4.4 Preterm birth associated L. jensenii possess a gene cluster with a predicted role in cell surface proteins synthesis
	4.4.5 L. jensenii possesses a gene cluster with putative glycan utilisation genes
	4.4.6 Profiling of preterm associated gene clusters in publicly available L. jensenii genomes

	4.5 Discussion
	4.6 Methods
	4.6.1 Bacterial isolation and genome sequencing
	4.6.2 Genome assembly of cultured isolates
	4.6.3 Reconstruction of metagenome assembled genomes
	4.6.4 Pangenome and phylogenetic analysis
	4.6.5 Core genome variations and gene cluster analysis
	4.6.6 Profiling of gene clusters in publicly available genomes

	4.7 Acknowledgements
	4.8 References

	5 Chapter 5 Strain-level variation among vaginal Lactobacillus crispatus and Lactobacillus iners as identified by comparative metagenomics
	5.1 Abstract
	5.2 Introduction
	5.3 Results
	5.3.1 Metagenomic community state typing reveals multiple sub-species
	5.3.2 Pan-metagenomics reveal mucin-binding genes in L. crispatus
	5.3.3 The accessory genome shapes the phylogenetic diversity of both L. crispatus and L. iners
	5.3.4 The intra-species genetic diversity of vaginal L. crispatus is greater than that of L. iners
	5.3.5 Metagenomic strain profiling reveals potential genes involved in host-microbe interface in L. crispatus

	5.4 Discussion
	5.5 Methods
	5.5.1 Metagenomic community state typing and pan metagenome reconstruction
	5.5.2 Reconstruction of metagenome assembled genomes
	5.5.3 Pangenome reconstruction and phylogenetic analysis
	5.5.4 Strain profiling of MAGs and publicly available genomes

	5.6 Data availability
	5.7 Acknowledgements
	5.8 References

	6 Chapter 6 General Discussion
	6.1 References


