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ABSTRACT

The genomes of microorganisms that reside in and on the human body vastly outnumber

human genes, implying that the human microbiome may be important for precision medicine.

Humans have been canonically considered sterile in utero, with the majority of colonization

occurring during, and immediately following, birth. Factors that have been shown to affect

the ecology and succession of the microbiome include host genetic factors, maternal trans-

mission, and environmental exposures. Furthermore, the timing of microbial exposure in

relation to immune system development may have lifelong consequences.

In this thesis, I investigated the early life microbiome through two lenses: that of mi-

crobiome assembly and that of human genotype. I first analyzed a longitudinal data set of

preterm infants, who underwent abnormal and premature microbial exposure, characterized

by delayed maturation and higher abundance of potential opportunistic pathogens. I identi-

fied associations between microbiome dynamics and infant growth outcomes during their first

weeks of life, implying that there may be a link between the microbiota and preterm infant

development. I also used human fucosyltransferase 2 (FUT2) genotype to probe the inter-

play between host genetics and the microbiome in a cross-sectional cohort of post-weaning

toddlers. FUT2 secretor status plays an important role in formation of immune complexes,

secretion of antigens in body fluid, and susceptibility to pathogenic bacteria. I found dif-

ferences in microbial community composition and structure between children with different

FUT2 genotypes. Bacteria from the same genera were differentially abundant in FUT2 se-

cretors and FUT2 non-secretors, providing evidence for niche differentiation. As laid out in

this thesis, both events surrounding birth and individualized human genotypes seem to as-

sociate with the microbiome in early life, indicating that these factors require consideration

in future study.
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CHAPTER 1

INTRODUCTION

1.1 Definition of the human microbiome

The consortium of microorganisms (bacteria, archaea, viruses, fungi) that populate the

human body are collectively referred to as the human microbiota and the complement of

genomes the human microbiome. Microbes make up about half the cells in the human body,

and the genetic content of the microbiota dwarfs the human genome[1]. For example, the

inter-individual variability of the microbiome is much greater than that of the human genome,

with different people harboring different microbial communities[2]. This all suggests that a

better understanding of the human microbiome may be important for precision medicine.

1.2 Acquisition of the microbiome

Humans have canonically been considered sterile in utero and undergo significant colo-

nization during, and immediately following, birth. Some studies have isolated bacteria from

the umbilical cord, placenta, and meconium of healthy deliveries, while other studies and the

ability to rear germ free animals argue against these findings [3–8]. Regardless of whether

live bacteria can cross the placenta, it seems clear that microbial products, or their influence

on the maternal immune system, might affect fetal development. However, the majority of

microbial exposure begins peripartum, with vertical transmission from the maternal micro-

biota during passage through the birth canal [4]. Infants born by Caesarean section display

altered patterns of colonization, with their gut microbiota more similar to their mothers’

skin, compared with vaginally delivered infants, who receive more maternal gut and vaginal

microbiota[9,10]. Caesarean delivered infants show an overall lower diversity of microbes.

These differences by mode of delivery persist, with microbes associated with Caesarean de-

livery detectable up to two years following birth[11]. Notably, this effect of delivery mode
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has been explored in healthy, term infants, while in preterm infants, the effect of delivery

mode is eclipsed by other factors that contribute to abnormal development[12,13].

In the context of vertical transmission, the decreased microbial exposure associated with

Westernized diet and hygiene likely compounds over generations. That is, each subsequent

generation loses key members of the microbiota, so decreased microbial diversity and its

potential immune consequences accumulate in highly developed societies[14]. In a murine

model, humanized mice fed a diet low in microbially-accessible carbohydrates showed alter-

ations to the microbiota that were reversible within the same generation. However, over

several generations, the low carbohydrate diet caused a progressive loss of diversity that was

not reversed with the reintroduction of the dietary carbohydrates[15]. Indeed, a high-fiber

maternal diet was demonstrated to be protective against offspring developing allergic airway

disease in mice, implying that diet is strongly linked to microbiome function and can have

intergenerational effects[16]. Notably, the time frame during pregnancy when maternal diet

affects the offsprings immune phenotype remains to be clarified[17]. The effects of maternal

diet may be transient, via the gut microbiome and inflammation, or longer lasting, such as

by epigenetic programming.

Other sources of early-life exposure, such as environmental influences and sharing a home

with other children and/or pets, also appear to be important[14,18]. Bacterial communities

in residences with dogs or cats present are significantly richer and more diverse compared

to those without pets [18]. Cohabiting adults have been shown to share a greater degree of

their microbiota with each other if they own a dog, implying that pets can act as vectors.

The presence of older siblings in the home has also been shown to increase a child’s gut

microbial diversity, and diversity correlates with number of people in the household [19]. The

mechanisms by which exposure to other children and/or pets alters microbiome composition

remain unclear, but it is generally thought that these would increase a child’s contact with

environmental microbes, promoting a diverse and healthy gut microbiota[18].

Antibiotic exposure has been shown to perturb the microbiome. Early life courses of
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antibiotics correlate with decreased diversity and lifelong higher incidence of allergy and

atopy[20]. Exposure to antibiotics, even beginning in the intrapartum time frame, can affect

a child’s microbiome. Prophylactic antibiotics during delivery have been shown to alter

colonization in the infant gut[21]. Taken together, these studies have identified sources of

environmental exposure that contribute to differences in microbial composition in early life

and may affect the immune system.

1.3 Succession and dynamics of the microbiome over time

After birth, maternal and environmental microbes continue to exert influence over the

development of the microbiome, particularly through diet. Breastfeeding versus formula

feeding has been shown to influence the child’s gut microbiome and provide another route

of vertical transmission of maternal microbes[22,23]. Bacteria acquired during birth include

bacteria capable of digesting human milk oligosaccharides (HMOs), which are indigestible

to humans[24–27]. These HMOs act as prebiotics, leading to selective expansion of those

pioneer bacteria that can utilize HMOs as a carbon source[28,29]. The early bacteria prime

the development of the microbiota and the immune system. Polymorphisms in the mother’s

fucosyltransferase gene FUT2 affect the HMO composition in her breast milk and can affect

her breastfed infants microbial community structure[30,31].

Preterm birth and host genetics are two factors that have been shown to affect the

ecology and succession of the microbiome. Microbiome succession has been well documented

in healthy, full-term infants, and shows a patterned progression from birth to an adult-like

state around 2.5 years of life[9,32,33]. The microbiota during early life is highly plastic and

more susceptible to infection, antibiotics, or dietary change. The adult microbiota is more

stable and resilient to such perturbations [34].

The initial colonizers of the infant gut are typically facultative anaerobes, shifting to

obligate anaerobes within days or weeks[35]. In preterm infants, the microbiome under-

goes a similar pattern of development, but after significant delay[34,36]. The preterm infant
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microbiome is characterized by low diversity and low stability, as well as an abundance of op-

portunistic pathogens[37]. Preterm infants are exposed to high levels of antibiotics and low

levels of maternally derived microbes, leaving them particularly susceptible to colonization

from an environmental source, such the neonatal intensive care unit (NICU) built environ-

ment, which may carry antibiotic resistance genes[37,38]. Furthermore, a recent study of

late preterm infants, who are likely to receive similar postnatal care to full-term infants, de-

termined that late preterm birth independently affected gut microbiome development during

the first six months of life[39].

Beyond the massive public health burden of preterm birth (1 in 10 US births occurs before

37 weeks’ gestation, according to the March of Dimes), children born preterm represent a

fascinating ecological model. Several studies have demonstrated that early life microbiome

composition and structure is associated with lifelong risk of allergic disease, adiposity, and

neurological disorders[40–42]. However, the role of the gut microbiome in long term health,

particularly in children born preterm, remains poorly understood.

1.4 Host selection on the microbiome

The composition of the microbiome is highly unique to a particular individual. While

over 99.5% of the human genome is identical among individuals, there has been evidence that

two humans can share zero common microbial species within their microbiome[2]. Interest-

ingly, it seems that there is no ”core” human microbiota in terms of shared taxa, but that

there may be a shared core of functional genetic potential within the microbial community.

For example, in a study of monozygotic and dizygotic twin pairs, a subset of microbial genes

were shared between individuals, while species were not[43]. Vastly different microbial com-

munities yielded similar functional pathways[1]. The idea that identical twins’ microbiomes

are only slightly more similar to each other than are fraternal twins’ suggests that the human

genome may play less of a role in selecting for particular taxa but may exert more pressure

on the functional potential of the microbial community[44]. Therefore, studies examining
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the effect of host genetics on the microbial communities should not just compare taxonomic

abundances.

The human fucosyltransferase 2 (FUT2) gene represents an important interface in host-

microbe coevolution. It encodes the enzyme responsible for H antigen synthesis, an impor-

tant step in ABO histo-blood group antigen display in body fluids and on the intestinal

mucosa[45,46]. Individuals who are homozygous for a nonfunctional FUT2 allele are called

nonsecretors, and they do not present ABO antigens in secretions or on epithelial cells[45].

About 20 % of the population are non-secretors, lacking functional FUT2 due to single nu-

cleotide polymorphisms[45]. The secretor phenotype plays an important role in formation

of immune complexes, secretion of antigens in body fluid, and susceptibility to pathogenic

bacteria. In mice, fucosyltransferase 2 (FUT2) has been identified as a key gene for host-

microbiome interaction[47]. Genome wide association studies have found that nonsecretors

have increased susceptibility to chronic conditions, such as Type 1 diabetes and Crohn’s

disease[48–51]. However, secretor status has been suggested to be protective against in-

fection by both viral and bacterial pathogens, implying that the availability of fucosylated

glycans plays a role in host-pathogen interaction[52–54]. Indeed, signals from the micro-

biota are required for FUT2 expression in mice[55]. Secreted ABO antigens are present in

breast milk, and have therefore been investigated as a potential prebiotic that selectively

enriches the gut microbiome of the infant for microbes that can metabolize fucosylated sug-

ars[24,27,30,48]. Some Bifidobacterium species have been singled out as using human milk

oligosaccharides in culture and in mice. Therefore, FUT2 represents a key gene that affects

the carbohydrate landscape of the gut, particularly in early life, and alters the composition

and function of the resident microbes. The functional potential of the microbial community

that varies by FUT2 genotype has not yet been examined.

The effect of secretion genotype on microbial community assembly in infants has been

examined previously. For example, secretor infants, who are able to produce fucosylated

milk oligosaccharides, had increased relative abundance of Bifidobacterium[56], and secretor
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mothers had significantly increased microbial community stability in breast milk, which

was transferred to the gut of breastfed infants[30]. However, the associations between host

FUT2 genotype and the functional metabolic potential of the microbiome remain unclear.

This has implications for potential precision medicine interventions targeted to the early life

microbiome.

1.5 Interplay between the microbiota and the immune system

Just as the host exerts pressure to shape the resident microbiota, the microbiota interacts

with both innate and adaptive immune systems in the intestinal mucosa via multiple mecha-

nisms. Early work in germ free mouse models demonstrated that microbial colonization has

a profound effect on the organization of lymphoid tissues[57]. Germ free animals are also

deficient in antibody production[58]. Commensal microbes can directly act on macrophages,

inducing cytokine production that can act downstream to regulate other immune cell popu-

lations or affect the epithelial barrier[59]. Microbial ligands, among them lipopolysaccharide

(LPS) from the outer membrane of Gram-negative bacteria, have long been known to have

immunomodulatory effects in germ free mice[60]. TLR4 is an important receptor for mi-

crobial products, including LPS, and mice lacking TLR4 signaling show increased allergic

pathology[43], implying that intestinal microbes can modulate immune responses.

In addition to interacting directly with the immune system, the commensal microbiota

also produces small molecules that affect immune system development. Primary metabolites

are produced by the catabolic and anabolic reactions and are required for cellular growth and

homeostasis[63]. Specialized metabolites, including virulence factors, secondary metabolites,

and natural products, are produced by accessory genetic elements that can be swapped

between bacteria via horizontal gene transfer, and exert direct effects on host cells and other

microbes[63]. Examples of microbial metabolites that interface with the host immune system

include short chain fatty acids (SCFAs) and histamine, which act on mucosal dendritic cells

via G-protein coupled receptors. SCFAs act as an energy source for coloncytes and can
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regulate tight junction organization, promoting barrier function[64]. In a germ free mouse

model, adding SCFAs to drinking water increased the abundance of colonic T regulatory cells

and was protective against inflammation[65]. Another murine study demonstrated that high

fiber diet increased the release of SCFAs, while mice lacking receptors for SCFAs had lower

levels of CD103+ dendritic cells[66]. SCFAs can bind ’metabolitesensing’ Gproteincoupled

receptors, which influence Treg biology, epithelial integrity, gut homeostasis, DC biology,

and IgA antibody responses[67]. CD103+ DCs metabolize vitamin A to retinoic acid, which

promotes Treg cell differentiation and homing to the gut[67]. SCFAs also inhibit histone

deacetylase, which affects gene transcription in many cells and tissues, and can lead to

epigenetic modification of DNA[67].

In addition to SCFAs, the microbiota can secrete a range of other metabolites that in-

fluence mucosal immune responses, such as long chain fatty acids, histamine, and vitamins.

Long chain fatty acids (LCFAs) are generally derived from dietary components and act both

as energy sources and in the regulation of immune responses[68]. Germ-free animals exhibit

alterations of composition in their lipid metabolites and commensal microbes play a role

in LCFA metabolism[69,70].The ω3 and ω6 FAs are essential FAs that mammals cannot

produce, and ω3 FAs have been shown to have anti-inflammatory effects[71–73]. Histamine

is a biogenic amine that induces smooth muscle and vasodepressor activity during anaphy-

laxis[64]. Cells of both the innate and adaptive immune systems harbor histamine receptors.

Histamine can be produced by a number of different bacterial strains, and these bacteria have

been shown to be more abundant in patients with asthma compared to controls[64].Vitamins

act as antioxidants, transcription factors, and cofactors for metabolism, so they are indispens-

able for many biological processes. They are obtained from dietary sources and produced by

the commensal microbiota. In addition to directly affecting metabolism, microbial metabo-

lites of some vitamins act as ligands for immune cell signaling. Therefore, the commensal

microbiota can induce cytokine production by multiple cell types which have downstream

effects on adaptive immune cells and epithelial barrier function, or directly stimulate B and
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T cells.

The timing of microbial exposure in relation to immune system development may have

lifelong consequences. Microbial exposure early in life begins a dynamic process, activating

the immature immune system and leading to selection of particular microbes. At birth, the

immune system lacks B and T cells in the intestinal mucosa and the innate immune response

to the presence of bacteria is crucial for the transition from fetal to postnatal life[74,75].

Recent evidence suggests that there are time-dependent windows of development that are

contingent upon microbial signals to trigger maturation of mucosal immunity. For exam-

ple, childrens microbiome at 2 months of age was predictive of their interleukin expression

levels at 2 years of age[76]. Indeed, children with altered microbiome development show

increased incidence of immune-mediated disorders in adulthood[40–42,77]. Furthermore, a

classic study in a germ free mice showed that colonization with a normal microbiota shortly

after birth rescued the mice from inflammatory and allergic processes, but mice colonized

as adults showed the same immune sensitivities as germ free mice[78,79]. Germ free mice

develop with an abnormal immune system, including smaller lymphoid structures, and de-

creased activation of T and B cells[80]. Seeding a germ-free mouse with a microbiota as an

adult results in gene transcriptional differences compared with germ free mice that get a

microbiota at birth, suggesting that some of these immune cell abnormalities are regulated

by the microbiota during the early life time window[81]. Exposure to diverse microorganisms

during infancy, when immunoregulatory systems are developing, increases the repertoire of

organisms that can be tolerated and may pattern memory immune mechanisms to recognize

pathogens[14]. Taken together, this implies that perturbations or abnormal assembly during

this early life interval may have lifelong health consequences.

1.6 Conclusions

In this thesis, I will investigate the early life microbiome through two lenses: that of

preterm infants, which represent an unusual ecological problem of microbiome assembly, and
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that of post-weaning children with respect to the human genotype.
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CHAPTER 2

LONGITUDINAL MICROBIOME COMPOSITION AND

STABILITY IN VERY LOW BIRTH WEIGHT INFANTS

2.1 Abstract

Compared with full term infants, preterm infants are at greater risk of microbial insult,

including reduced exposure to maternal vaginal and enteric microbes, higher rates of formula

feeding, invasive procedures, antibiotics, and medications that alter gastrointestinal pH. The

microbiome of 83 preterm very-low birth weight (VLBW) infants and clinical covariates were

analyzed weekly over the course of their initial neonatal intensive care unit (NICU) stay,

with infant growth as the primary clinical outcome. Birth weight significantly correlated

with increased rate of weight gain in the first 6 weeks of life, while no significant relationship

was observed between rate of weight gain and feeding type. Microbial diversity increased

with age and was significantly correlated with weight gain and percentage of mothers own

milk. As expected, infants who received antibiotics during their NICU stay had significantly

lower alpha diversity than those who did not. Infants who showed improved length over

their NICU stay had significantly more volatile microbial beta diversity and a significantly

decreased microbial maturity index compared with infants who did not. Of the cohort, 25

were followed into childhood. At 2 and 4 years old, the microbiota of these VLBW infants

became similar to the mothers microbiota. The number of microbial taxa shared between

the infant, toddler, and mother varied, with least overlap between infants and mothers.

Microbial beta diversity was significantly different between NICU stay and all other time

points (2-, 4- years-old and mothers when their children were 2 and 4 years old). Overall,

there was a significant association between microbial community diversity, structure, and

infant weight and length gain in an at-risk childhood population.
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2.2 Introduction

Humans have canonically been considered sterile in utero, with the majority of micro-

bial colonization occurring during, and immediately following birth. This early microbial

exposure begins a dynamic process, activating the immature immune system and leading to

the selection of particular microbes. At birth, gut-associated lymphoid tissue is uneducated

and the innate immune responses to the presence of bacteria is crucial for the transition

from fetal to postnatal life[74,75]. Recent evidence suggests that there are time-dependent

windows of development that are contingent upon microbial signals to trigger maturation of

mucosal immunity. For example, the microbiome at 2 months of age has been shown to be

predictive of a childs interleukin expression levels at 2 years of age[76]. Indeed, children with

altered microbiome development show increased incidence of immune-mediated disorders in

adulthood[40,41,42,77]. This implies that perturbations or abnormal assembly during this

early life interval may have lifelong health consequences.

The ecological succession of the human microbiome has been well documented in healthy,

full-term infants, and shows a patterned progression from birth to an adult-like state around

2.5 years postpartum[32,33]. Initial colonizers of the infant gut are typically facultative

anaerobes, shifting to obligate anaerobes within days or weeks [35] as the maturing colono-

cytes start to scrub oxygen from the intestinal lumen [83]. In preterm infants, the microbiome

undergoes a similar pattern of development, but after significant delay[34]. The preterm in-

fant microbiome is characterized by low diversity and low stability, as well as an abundance

of opportunistic pathogens[37]. Microbiota development in premature infants appear to be

associated with gestational age but also shaped by maternal environment and lifestyle, the

unique environment and clinical practices in the neonatal intensive care unit (NICU)[84–87].

Preterm infants are exposed to high levels of antibiotics and low levels of maternally de-

rived microbes, leaving them particularly susceptible to colonization from an environmental

source, such as the NICU built environment, which may carry antibiotic resistance genes

[37,38]. Furthermore, a recent study of late preterm infants, who are likely to receive similar
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postnatal care to full-term infants, determined that late preterm birth independently affected

gut microbiome development during the first six months of life [39].

The goal of this study was to analyze the gut microbiome during the first 6 weeks after

birth for very low birth weight (VLBW) Infants, and to determine the associations between

the variance in microbial profile and infant health outcomes. Subsequently 25 of the original

83 children were re-examined at ages 2 and 4, and the stool microbial profile was assessed

with health, development and growth (weight and length) outcomes. We hypothesized that

microbial community structure in the first 6 weeks of NICU stay is statistically associated

with mode of delivery, gestational age, weight and length gain, type of feeding, human milk

cytokines, fecal calprotectin, and adverse prenatal events; and that the microbial community

structure of the infant gut microbiome can be used to predict the microbial community

structure in the same child at 2 and 4 years of age.

2.3 Materials and Methods

The study was approved by both the hospital and the university Institutional Review

Board and parents gave informed consent for the study in the NICU and agreed to be followed

up at a later time for further research.

2.3.1 Patient demographics and clinical information

A total of 83 preterm, very low and extremely low birthweight (VLBW and ELBW)

infants (gestational age = 28.44 ± 2.39 weeks, birth weight = 1086.71 ± 218.49 grams) were

enrolled as soon as possible after admission to the neonatal intensive care unit (NICU)

at Tampa General Hospital, an academic Level III center with a single-patient room floor

plan, during the period May 2012–December 2013. Mothers who were drug abusers or

HIV positive were excluded, as were infants with major congenital anomalies or who were

moribund. Maternal and neonatal clinical information was obtained from electronic medical
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records and an investigator-developed demographic form. Long term morbidity data were

extracted from the Vermont Oxford Network database. Data were collected for a total of six

weeks after entry into the study unless participants were discharged or transferred earlier.

Exact volumes of mothers own milk (MOM), formula, fortifier, and donor milk (DM) were

collected from the electronic medical record.

2.3.2 Stool sampling, DNA extraction, and amplicon sequencing

Stool samples were scooped aseptically from a diaper at approximately the end of each

week (with some variation), stored in a sterile tube, and brought to the lab and frozen

at -80◦ C until processing. DNA was extracted using the MoBio PowerFecal DNA kit

(Qiagen, Carlsbad, CA) with modifications based on the Earth Microbiome Project pro-

tocols (www.earthmicrobiome.org). The V4 region of 16S rRNA gene was amplified using

polymerase chain reaction with modified 515F and 806R primers, followed by amplicon se-

quencing using the MiSeq platform (Illumina, San Diego, CA) based on existing protocols

to generate ≈100,000 250 bp paired-end reads per sample [88]. Raw sequence reads are

available through the Sequence Read Archive under accession number phs001578.

2.3.3 Sequence data processing

The V4 region 16S rRNA gene amplicon data were analyzed using the DADA2 plugin [89]

in QIIME2[90]. Data from 6 separate sequencing runs were imported into QIIME2-2018.2

and demultiplexed with demux emp-paired. The DADA2 plugin was used for quality control,

including filtering phiX reads and chimeric sequences. Trimming was performed to trunclen

140 and trim 20, then the resulting feature tables were merged. Taxonomy was assigned

against the Greengenes v13.8 database.
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2.3.4 Statistics and machine learning

We calculated the correlation between the relative abundances of the sequence variants

and NICU health outcomes by regression analysis in R. We employed UniFrac distances

to examine microbiome structure between samples to test differences between groups using

multivariate statistical methods such as principal coordinate analysis (PCoA) and permuta-

tional multivariate analysis of variance (PERMANOVA). We performed two-sample t-tests

with FDR correction to examine differences between binary variables. Volatility analy-

sis was performed by comparing unweighted UniFrac distances on exact sequence variants

(ESVs) between subgroups. To identify the predictive value of subgroups on microbiome

community composition, we applied random forest machine learning (after rarefying to 5000

sequences/sample, 1000 trees) and Analysis of Composition of Microbiomes (ANCOM;[91]).

For continuous clinical variables, we ran the Random Forest regressor model (1000 esti-

mators, bootstrapping, mean square error (MSE)). Maturity analysis was applied using the

sample classifier plugin in QIIME2 [92]. UpSet plots were generated using the R package[93].

2.3.5 Infant growth metrics

Infant weight and length were measured at birth and weekly until discharge. Raw weight

and length measurements were standardized against the 2013 revision of the Fenton Preterm

Growth Chart using the actual age calculator tool [94]. This process converts the raw mea-

surement to z-scores based on the mean and standard deviation of the reference population

at each age. This resulted in a weight-for-age and length-for-age z-score at each time point.

Standardizing weights and lengths in this manner allow infants of different sexes and gesta-

tional ages to be compared as one population. In addition, because the Fenton is intended

to represent the ideal growth of preterm infants, it can be used to detect changes in growth

status as they age. Therefore, a change in z-score over time can be a useful tool to de-

tect growth faltering (a z-score that becomes smaller) and catch-up growth (a z-score that

becomes larger).
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Growth (weight gain and length-for-age z-score) over the NICU stay was assessed with

the following measurements: a) total average growth rate (difference in birth weight to

discharge weight divided by length of stay), growth rate between birth and 6 weeks of life

(difference in birth weight to weight at 6 weeks divided by 6 weeks), and growth rate between

6 weeks of life and discharge (difference in weight at 6 weeks to discharge weight divided by

length of stay minus 6 weeks), b) Weight for Gestational Age (categorical variable: Small

for Gestational Age, Average for Gestational Age, or Large for Gestational Age), and 3)

improved length (binary variable of whether or not the infant had greater than expected

length-for-age z-scores during the NICU stay). Complete growth metadata were available

for only 78 out of the total 83 infants.

2.3.6 Data availability

The study was registered in dbGaP under accession phs001578.v1.p1. De-identified meta-

data and raw forward and reverse sequence reads were associated with each sample via SRA.

2.4 Results

2.4.1 Overview of the preterm infant cohort

Preterm infant clinical variables (Table 2.1) were determined for a population cohort of

83 preterm infants delivered at Tampa General Hospital between May 2012 and Dec 2013.

Each child was sampled for fecal matter approximately weekly for up to 6 weeks during NICU

stay, and then followed up at 2 years old and 4 years old. Of the original sample, only about

57 were locatable at 2 years of age, and from that group 25 were recruited for follow up,

which significantly impacted our statistical power to develop a predictive model of microbial

community structure between the NICU stay and childhood. The longitudinal analysis

comprised 425 fecal samples, which were processed for 16S rRNA amplicon sequencing to

characterize the microbiome.
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Table 2.1: Patient characteristics. Data represent maternal demographics and interventions
during NICU stay.

Overall Min Max

n 83

Maternal Age(years) (mean (sd)) 28.13 (6.89) 15.2 46.1

Received any antibiotics (%) 76 (91.6)

Days on Antibiotics (mean (sd)) 11.73 (18.45) 0 114

Paternal Ethnicity (n (%))

African American 34 (43.0)

Asian Pacific Islander 3 (3.8)

Caucasian 25 (30.9)

Hispanic Black 1 (1.2)

Hispanic White 15 (18.5)

Native American 1 (1.2)

Other 3 (3.7)

Parental Education (n (%))

College Graduate 17 (20.7)

Grammar/Elementary School 4 (4.9)

High School 47 (57.3)

Middle School 8 (9.8)

Post Graduate Degree 6 (7.3)

Parental Marital Status (n (%))

Divorced Separated 6 (7.4)

Married/Living With Partner 32 (39.5)

Single 42 (51.9)

Widowed 1 (1.2)

16



Table 2.1 – Continued

Family Income (n (%))

< 4,999 20 (27.8)

5,000-14,999 27 (37.5)

15,000–24,999 12 (16.7)

40,000–69,999 3 (4.2)

> 70,000 9 (12.5)

Unknown 1 (1.4)

Working (n (%))

Full Time 17 (21.2)

Part Time 7 (8.8)

No 56 (70.0)

Working hours per week (mean (sd)) 34.80 (18.10) 0 80

Maternal Height (inches) (mean (sd)) 64.60 (2.80) 59 69

Maternal pre-pregnancy weight (lbs) (mean (sd)) 167.20 (46.68) 79 303

Number in house (mean (sd)) 3.15 (1.34) 1 7

Total pregnancies (mean (sd)) 3.09 (2.46) 1 11

Full term pregnancies (mean (sd)) 0.66 (0.95) 0 4

Preterm pregnancies (mean (sd)) 0.43 (0.69) 0 2

Induced Abortions (mean (sd)) 0.26 (0.64) 0 3

Spontaneous Abortions (mean (sd)) 0.74 (1.43) 0 7

Ectopic Pregnancies (mean (sd)) 0.07 (0.26) 0 1

Multiple Pregnancies (mean (sd)) 0.04 (0.19) 0 1

Living children (mean (sd)) 0.91 (1.15) 0 5

Received prenatal care (n(%)) 70 (93.3)

Maternal BMI (mean (sd)) 28.08 (7.45)
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Table 2.1 – Continued

Depression (n(%)) 10 (12.5)

Depression treatment received (n (%))

None 2 (20.0)

Medication alone 1 (10.0)

Medication and counseling 7 (70.0)

Anxiety (n(%)) 10 (12.5)

Anxiety treatment received (n (%))

None 3 (3.7)

Counseling alone 1 (1.2)

Medication alone 3 (3.7)

Medication and counseling 6 (7.3)

Any breastfeeding (n(%)) 76 (93.8)

Exclusive breastfeeding (n(%)) 51 (64.6)

Months of breastfeeding (mean (sd)) 8.58 (4.25) 0 20

Smoking (n (%))

No 60 (74.1)

Not currently 7 (8.6)

Yes 14 (17.3)

Smoking during pregnancy = yes (n(%) 10 (12.8)

Alcohol during pregnancy = yes (n(%) 1 (1.2)

Maternal drug use = yes (n(%) 2 (2.5)

Maternal drug use during pregnancy = yes (n(%) 4 (5.0)

Steroids = Yes (n(%)) 53 (67.9)

Maternal antibiotic = Yes (n(%)) 36 (48.0)

Born at TGH (n (%)) 75 (94.9)
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Table 2.1 – Continued

Vaginal delivery (n(%)) 18 (22.2)

Labor length (hours) (n(%))

Unknown 48 (58.5)

< 1 hr 7 (8.5)

1–10 hrs 18 (22.0)

11–20 hrs 4 (4.9)

21–30 hrs 2 (2.4)

41–50 hrs 1 (1.2)

51–60 hrs 1 (1.2)

71–80 hrs 1 (1.2)

Maternal weight at delivery (lbs) (mean (sd)) 194.17 (49.93) 102 313

Anesthesia (n(%))

None 9 (12.2)

Epidural 10 (13.5)

General 29 (39.2)

Spinal 26 (35.1)

Delivery complications (n (%)) 18 (23.7)

Male infant gender (n(%)) 40 (48.8)

Infant weight at delivery (g) (mean (sd)) 1086.71 (218.49) 600 1485

Gestational age at delivery (weeks) (mean (sd)) 28.44 (2.39) 24

Multiples (n(%))

singleton 54 (74.0)

twin 16 (21.9)

triplet 3 (4.1)

APGAR 1 min (mean (sd)) 6.09 (1.98) 1 9
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Table 2.1 – Continued

APGAR 5MIN (mean (sd)) 7.53 (1.51) 3 9

SNAPPEII FINAL (mean (sd)) 18.99 (16.51) 0 81

SNAPII FINAL (mean (sd)) 10.08 (9.51) 0 54

SNAPII week1 (mean (sd)) 11.73 (11.70) 0 66

SNAPII week2 (mean (sd)) 3.53 (6.19) 0 32

SNAPII week3 (mean (sd)) 2.47 (5.83) 0 35

SNAPII week4 (mean (sd)) 0.79 (3.72) 0 24

SNAPII week5 (mean (sd)) 0.53 (2.34) 0 14

SNAPII week6 (mean (sd)) 0.84 (3.42) 0 19

Time to enteral feed (days) (mean (sd)) 12.25 (5.06) 5 39

Infant weight at 6 weeks (g) (mean (sd)) 1887.91 (335.23) 1210 2700

Infant weight at discharge (g) (mean (sd)) 2678.96 (900.13) 1101 6500

Retinopathy of prematurity (n (%)) 12 (15.2)

Bronchopulmonary dysplasia (n (%)) 5 (6.3)

Sepsis (n (%)) 10 (12.7)

Necrotizing enterocolitis (n (%)) 3 (3.8)

Intraventricular hemorrhage (n (%)) 9 (11.9)

Received transfusions (n (%)) 34 (43.0)

Days on Oxygen (mean (sd)) 14.29 (20.82) 0 101

Length of Stay (days) (mean (sd)) 69.84 (36.74) 20 215

Feed intolerance (n (%)) 15 (19.5)

Deceased(n (%)) 1 (1.4)

Relevant available age metrics included gestational age at birth, chronological age, and

postmenstrual age. Infants in our cohort had a wide range of gestational ages at birth (24–37

weeks). Therefore, chronological age was not employed as the independent variable; instead
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we used postmenstrual age (chronological age + gestational age; also known as corrected

gestational age) for all subsequent analyses. 91.6% started antibiotics on first day of life

(regardless of gestational age). The mean postmenstrual age for starting antibiotics was

28.2±2.5 (SD) weeks. Most infants were on antibiotics for 3–4 days at a time with a median

course of antibiotics lasting 3.5 days. Only 7 infants did not receive any antibiotics. The

mean total days on antibiotics was 11.88 ± 18.8; range 0 to 114 days.

In total, 6,383,544 16S rRNA amplicon reads were generated across all 425 samples, with

a range of ≈ 1, 000 to 40,483 (median 13,092; mean 15,020.1). Sequence depth was rarified

to 1,275 reads per sample resulting in 415 samples used in subsequent analysis. Reads were

classified into Exact Sequence Variants (ESVs) using DADA2, creating a total of 2213 ESVs,

with a range of 1 to 1,844,477 reads per sample (median 48; mean 2,884.5). All ESVs were

annotated to known microbial taxa.

2.4.2 Infant growth as a clinical outcome

We were statistically underpowered for each morbidity (only 5 infants with chronic lung

disease (CLD), 3 with necrotizing enterocolitis (NEC), 10 with blood culture positive sepsis,

and 9 with any stage of intraventricular hemorrhage (IVHn)); therefore we focused on growth

(increased weight and length) as a primary clinical outcome during the NICU stay. We tested

the independence of the measured growth variables (Materials and Methods). Birth weight

(g) was significantly correlated with growth rate over the first 6 weeks of life (g/week) (Fig.

2.1). Overall there was a weak but significant association between higher initial birth weight

and faster initial weight gain (R2= 0.146, p = 0.001703), however, this relationship was not

significant for birth weight and weight gain between 6 weeks and discharge (p = 0.8141).

No significant relationships were observed between weight at discharge or weight gain with

feeding (total volume of milk received and ratio of mothers breast milk to total enteral

feeding volume received; p≥ 0.2).
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Figure 2.1: Birth weight (grams) correlates with growth per week initially (first 6 weeks).
R2 = 0.146; p = 0.001687.
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2.4.3 Microbial diversity increased with age, and is statistically associated

with clinical variables

The relationship between weight and length gain outcomes and microbial alpha diversity

over the course of the NICU stay was determined. Shannon index significantly increased with

increasing postmenstrual age (Multiple R2: 0.09221, p = 1.28e− 08) (Fig. 2.2a). Adjusting

for postmenstrual age during the NICU stay, the alpha diversity also showed weak but

significant correlations with overall rate of weight gain (Multiple R2: 0.144, p = 0.00208;

Fig. 2.2b) and total percentage of mothers own milk (Multiple R2: 0.1097, p = 0.024918

Fig 2.2c), but no statistically significant associations were observed with the other clinical

variables: mode of delivery, length of hospitalization in the NICU, time to full enteral feeding,

days on antibiotics, infant weight at birth or discharge, days on oxygen, APGAR scores at 1

or 5 minutes post birth, duration of breast-feeding, or maternal age. We found no significant

associations with microbial alpha diversity and common co-morbidities, although we lacked

statistical power within the cohort for each morbidity. As expected, infants who received

antibiotics during the NICU stay had significantly lower alpha diversity than those who did

not receive antibiotics (t-test, FDR corrected, p = 0.009). Shannon alpha diversity difference

per infant between first NICU stool sample and last stool sample ranged from -3.3520 to

3.1720 with a median 0.8259. There was no significant difference between delta Shannon

alpha diversity between children who showed improved length and those who did not, or by

mode of delivery (p ≥ 0.3, t-test, FDR correction). A significant increase in Shannon index

was also observed within each child when comparing between their last time-point of NICU

stay and 2 and 4 years of age (p = 0.01; t-test); the Shannon index was also significantly

different between 2 and 4 years of age. While the alpha diversity during the NICU stay

and at 2 years of age was significantly lower compared to the alpha diversity of mothers

stool-associated microbiota (p = 0.01; t-test), the alpha diversity at 4 years of age was not

significantly different to that of the mother, suggesting that the diversity normalizes to that

of an adult by 4 years.
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Figure 2.2: Correlation of alpha diversity with (left panel) postmenstrual age (Shannon:
multiple R2 = 0.1508, p = 1.507e−06), (middle panel) total growth rate (grams/week), and
(right panel) ratio of mothers own milk volume to total milk volume.
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2.4.4 Microbial beta diversity, maturity and microbial stability

The distribution of between-sample unweighted UniFrac distances was calculated pairwise

to determine the volatility of microbial community structure over time during the NICU

stay. This was then associated with the clinical variables, including both categorical variables

(delivery method, sex, gestational age, weight for gestational age, improved length, multiples,

weight gain rate, ratio of volume of breastmilk to total milk received, length of stay in

NICU) and binary variables (antibiotics treatment, sepsis, NEC, CLD, transfusions, feeding

intolerance). Beta-diversity volatility was only significantly correlated with improved length

during the NICU stay, whereby infants who showed improved length had significantly more

inter-sample variability in beta diversity, and hence had greater microbial volatility over

their NICU stay (p = 0.02805; FDR corrected). This suggests that infants with a less-

volatile microbiota over time may have reduced catchup growth (length) during the NICU

stay. While mode-of-delivery alone did not correlate with volatility, all the infants with

improved length (n=6) were delivered by Caesarean section.

We ran maturity analysis (Materials and Methods), which uses a regression model used

to predict postmenstrual age as a function of the composition of the microbiota. Therefore,

if a sample has a microbiota which falls outside of the confidence interval based on the

average microbiota composition for infants of each postmenstrual age it is considered to be

immature. We correlated the maturity index against improved length during their NICU

stay (Fig. 2.3). Those infants who did have improved length during their NICU stay had a

significantly reduced level of predicted microbial maturity compared to infants whose length

did not significantly improve (p < 0.0018). As maturity is inversely correlated with beta-

diversity volatility, this result agrees with the beta diversity volatility analysis above.

We also examined the beta diversity distribution (unweighted UniFrac) to determine the

microbial community structure variance between the final NICU time point, against 2 and 4-

years-old, and maternal samples. The maternal, 2- and 4-year-old microbiota also clustered

together, and were significantly different from the samples collected at the end of the NICU
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Figure 2.3: Maturity analysis showing actual versus predicted gestational age at birth for
infants showing or not showing improved length.
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stay (Fig. 2.4; PCoA; p < 0.05 after FDR).

2.4.5 Microorganisms associated with clinical outcomes and age

The stool samples collected during the NICU stay maintained a predominance of Gammapro-

teobacteria, specifically Enterobacteriaceae, members of which are often associated with LPS

mediated inflammation. The most abundant Exact Sequence Variant (ESV) in infants during

the NICU stay was closely related to the genus Klebsiella, which belongs to the Enterobac-

teriaceae. ANCOM analysis was applied against all categorical and binary clinical variables

to determine which bacteria were significantly differentiated in relative abundance. Only

two clinical variables showed bacteria that were significantly differentially abundant. In-

fant weight gain from birth to discharge was significantly negatively correlated with the

relative abundance of two ESVs, one associated with Klebsiella and the other related to

Staphylococcus (p < 0.01). Additionally, antibiotic administration was associated with a

significant enrichment in Proteus and a significant proportional decrease of Streptococcus

and Bifidobacterium, compared to infants who did not receive antibiotics (p < 0.01). The

predominance of Proteobacteria was greater in infants with lower beta-diversity volatility

than those with higher volatility. A Random Forest classifier was used to determine whether

the microbiota was predictive of categorical clinical variables (clinical factors that could be

grouped into discrete components), which suggested that only the use of antibiotics (pres-

ence/absence) could be accurately predicted with a baseline to random ratio of > 2 (2.26)

suggesting a marginal relationship. The Random Forest features identified as having the

most predictive value for the presence or absence of antibiotics were ESVs corresponding

to Enterobacteriaceae, Citrobacter, Escherichia, and Peptostreptococcaceae. For continu-

ous clinical variables, we also ran the Random Forest regressor model (1000 estimators,

bootstrapping, MSE), which only identified the duration of antibiotic administration as sig-

nificantly predictable (R2 of 0.16259; p = 0.000651). The top most important features for

the regressor-model accuracy were ESVs corresponding to Veillonella, Enterobacteriaceae,
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Figure 2.4: Unweighted Unifrac beta diversity PCoA of infant samples (ie those from the last
NICU time point) and samples from 2-year-old children, 4-year-old children, and mothers.
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Figure 2.5: Relative abundance of taxa at the family level. Each bar represents a single
sample. Bars are sorted by patient identifier (ID) and ordered by age for each patient.
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Proteus, and Escherichia (importance scores 0.15 to 0.05). While the infant samples at

six weeks of life had a significantly greater abundance of ESVs related to Enterococcus and

Staphylococcus (Kruskal-Wallace; Bonferroni corrected p < 0.0001), toddler samples at both

2 and 4 years old maintained ESVs associated with Clostridiales and Bacteroidales that were

not detected in infant samples for respective individuals. However, infants as a group shared

26 ESVs in total with 2-year-old toddlers as a group, 26 ESVs in common with 4-year-old

toddlers and 18 ESVs in common with the mothers as group (Fig. 2.6). Interestingly, 2-

year-old toddlers shared 155 ESVs with their mothers, while 4-year-olds shared 210 ESVs

with their mothers. This suggests that the number of ESVs shared with the mother group

increases with increasing age, likely due to the changing gut environment and increase in

food similarity. In total, only 14 ESVs were shared between infants, 2- and 4-year-olds

and mothers, which comprise the core ESVs. These included genera such as Ruminococ-

cus, Oscillospira, Bacteroides, Streptococcus, Bifidobacterium, Escherichia, Eggerthella, and

Dorea, and families such as Lachnospiraceae, Peptostreptococcaceae, Rikenellaceae (Table

2.2, Figure 2.5). Interestingly, one of the core ESVs found in all age groups was related to

Haemophilus parainfluenzae, which is a potential pathogen. Overall, the H. parainfluenzae

ESV was found in ≈ 10% of the samples, from 29% (24) of the participants. Some infants

maintained the H. parainfluenzae ESV over multiple NICU timepoints, but it was not found

in the corresponding 2- and 4-year old samples for those infants. However, it was found in

3 children at both 2-years-old and 4-years-old, and also in their mothers. As mother stool

samples were collected at the same time as the 4-year-old stool sample, it is possible that

this H. parainfluenzae ESV was endemic in these 3 families during that time.

Table 2.2: Taxonomy of ESVs in common between all age groups (last NICU time point, 2
years, 4 years) and maternal samples.

Order Family Genus Species

Clostridiales Lachnospiraceae Ruminococcus gnavus

Pasteurellales Pasteurellaceae Haemophilus parainfluenzae
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Table 2.2 – Continued

Clostridiales Ruminococcaceae Oscillospira

Bacteroidales Bacteroidaceae Bacteroides

Lactobacillales Streptococcaceae Streptococcus

Clostridiales Peptostreptococcaceae

Clostridiales Lachnospiraceae Ruminococcus torques

Bifidobacteriales Bifidobacteriaceae Bifidobacterium

Enterobacteriales Enterobacteriaceae Escherichia coli

Coriobacteriales Coriobacteriaceae Eggerthella lenta

Bacteroidales Rikenellaceae

Clostridiales Lachnospiraceae Dorea

Lactobacillales Streptococcaceae Streptococcus

Clostridiales Lachnospiraceae

2.5 Discussion

Preterm infants are particularly vulnerable to perturbations in gut microbiome devel-

opment due to their abnormal delivery and prolonged NICU stay, which is associated with

many insults. Our study complements prior observations that the preterm infant microbiome

is characterized by an abundance of Proteobacteria [13,95]. Bacterial alpha diversity was

significantly positively correlated with postmenstrual age, and when we adjusted for post-

menstrual age during the NICU stay, the alpha diversity also showed weak but significant

correlations with overall rate of weight gain and total volume of mothers own milk.

While we did not identify significant differences between infants microbial beta diversity

by mode of delivery or feeding type, we did, as expected, find an effect of antibiotic admin-

istration, which correlated with a significant enrichment of Proteus. Proteus, a gammapro-

teobacterial genus, can be an opportunistic pathogen in humans and is frequently found in

hospital settings [96,97]. It has been associated with high rates of biofilm formation and
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Figure 2.6: UpSet plot showing ESVs shared between infant samples and samples from 2-
year-old children, 4-year-old children, and mothers. The numbers of unique ESVs shared
between groups or intersections of groups are plotted as vertical bars. The 14 core ESVs
shared between all four sample groups are indicated in blue.
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antibiotic resistance, which may explain its increased abundance following antibiotic pertur-

bation in our study. Furthermore, postmenstrual age (gestational age + chronological age,

also known as corrected gestational age) described the majority of variance in beta diver-

sity over time. Infant weight gain during the NICU stay was negatively correlated with the

relative abundance of Klebsiella and Staphylococcus. As both of these taxa are associated

with known pathogens, it is possible that their enrichment may be indicative of dysbiosis,

which in turn appears to be associated with reduced infant weight and length gain, although

to the best of our knowledge this specific association has not been demonstrated previously.

However, a previous study has demonstrated a significant association between bacterial al-

pha diversity and body weight and gestational age, which also associated with an increase

in the staphylococci [98].

We also demonstrated that catchup growth in length z-score (improved length) was cor-

related with increased beta diversity volatility (between sample beta diversity distance) and

decreased maturity (predictive power of regressor modeling) during the NICU stay. Catch

up growth is an important consideration for preterm infants: VLBW infants are vulnerable

to extrauterine growth restriction, and caloric and protein deficits result in slower growth

velocity and are associated with major neonatal morbidities, including chronic lung disease

and retinopathy of prematurity [99]. Clinically, it is believed that early catchup growth (<2

years, and especially in the first 24 weeks of life) is beneficial to preterm delivered child

health outcomes [100,101]. That microbial beta diversity was more volatile for children who

demonstrated greater catchup growth could be related to the overall microbial profile for

this community. Infants with lower volatility had significantly greater predominance of Pro-

teobacteria, i.e. they had greater week to week stability due to the dominance of a group of

potential pathogens (e.g. Klebsiella). Infants with more volatility had reduced prevalence

of these organisms and as such may have reduced dysbiosis and improved growth. This

study is among the first to document a relationship between microbiome and VLBW infant

growth. Previous work found that preterm infants with prolonged microbial transitions had
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smaller changes in weight-for-age z-scores across time [87]. However, little is known about

the relationship between preterm/VLBW length gain and microbiome development. Poor

length gain, as an indicator of long-term nutritional stress, indicates that microbiome de-

velopment can have a long-term effect on infant phenotype. Researchers have noted that

the preterm microbiome has similar developmental signatures to undernourished term in-

fants [102], suggesting that therapeutic approaches may be similar for both groups. More

research is needed to establish the relationship between VLBW length and weight gain and

microbiome development.

Due to the limited size of this cohort, it is not possible to determine if this trend is abso-

lutely significant, but it suggests that further studies using larger cohorts would be useful, as

would studies involving the humanization of murine models to demonstrate reduced growth

as a transferable phenotype. Those infants who demonstrated reduced microbial maturity

also showed improved catchup growth, is likely a result of the population against which these

infants are compared. Our maturity analysis is based on the average ‘maturity’ for a popu-

lation of VLBW infants who are essentially quite sick, as such infants who show improved

catch up growth would be statistical outliers against this group. Having a healthy control

population may provide more accurate interpretation of the standard maturity analysis.

In our cohort, we followed the same children to ages 2 and 4 years. We had insufficient

statistical power to identify clinical outcomes that correlated with microbiome composition,

but we did find that the these VLBW infants did develop a microbiome comparable to that of

their adult mothers by ages 2- to 4- years old. As previously demonstrated, the microbiome

of children undergoes patterned progression to become more similar to the maternal micro-

biome as the children increase in age, with an ‘adult-like’ microbiome established by 4 years

[34]. In our cohort of VLBW preterm infants, we also observed shifts in the microbiome and

increasing similarity to the maternal microbiome with increasing age. Importantly, many of

the ESVs found in infants were also found in 2- and 4-year olds, as well as the mothers, sug-

gesting conservation of microbial composition between generations, ages and environments.
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Yet, the ESV overlap between infants and mothers was significantly lower than the overlap

between mothers and 4-year-olds, suggesting a gradual shift of the microbial community

likely as a result of the changing ecological drivers that shape the niche structure of the

developing gastrointestinal tract. For example, as the gut matures, and the immune system

becomes educated, and the child starts to eat food more similar to the adult mother, there

will be a selective ecological pressure towards a more similar microbial structure[9,83,103–

106].

We have demonstrated a significant association between microbial community diversity,

structure and infant growth in a significantly at-risk childhood population. While the pop-

ulation had inherent variability, which limits the potential to identify associations between

the microbiota and clinical outcomes, compelling correlations between microbial structure,

volatility, maturity, composition, and infant weight and length increases were determined

that suggest potential biomarkers of dysbiosis in this at-risk population.
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CHAPTER 3

NICHE DIFFERENTIATION IN THE EARLY LIFE GUT

MICROBIOME BY FUCOSYLTRANSFERASE 2 SECRETOR

STATUS

3.1 Abstract

Fucosyltransferase2 (FUT2) is a key gene in host-microbe interactions and is inherited in

approximately Mendelian ratios worldwide, implying there are balancing selection pressures.

Functional FUT2 is responsible for altering the carbohydrate landscape of the human intes-

tine, so it may contribute to inter-individual variation in the microbiome, which could have

implications for precision medicine. The objective of this study was to identify associations

in the taxonomic makeup and functional potential of the gut microbiome with host genotype.

We performed sequencing on stool samples from 399 children at 24 months of age, of whom

112 were FUT2+/+, 211 were FUT2+/-, and 76 were FUT2-/-. 16S rRNA and ITS marker

gene sequencing was performed to examine microbial community composition and metage-

nomic sequencing was performed to elucidate functional potential. At 24 months of age,

the bacterial taxonomic composition and community structure varied with FUT2 genotype.

However, these differences were not observed in the fungal community. Interestingly, 16S se-

quence variants annotated to the genera Bifidobacterium showed differing abundance trends

in secretors and nonsecretors. These patterns corresponded to differences in the species level

taxonomy, as assessed by metagenomic profiling. The effect of host genetics on the human

gut microbiome is incompletely understood. FUT2 is a key gene regulating host-microbial

interactions. We expanded on previous studies using 16S rRNA marker genes to include fun-

gal taxonomic profiling and shotgun metagenomics. Interindividual variation in the human

microbiome may be attributable in part to differences in the genotype of host genes such as

FUT2 and the functional response of the microbial community.
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3.2 Introduction

The fucosyltransferase 2 (FUT2) gene can regulate host-microbe interaction. This gene

is responsible for expressing ABO histo-blood group antigens, which are α1,2-linked fu-

cose containing glycans, in mucus and other secretions[56]. About 20% of the population

are ‘non-secretors’, lacking a functional copy of FUT2 due to nonsense single nucleotide

polymorphisms [45,107]. While the exact nonsense mutation varies by population, with dif-

ferent SNPs found in different ethnic groups, worldwide, the FUT2 secretor phenotype is

maintained at approximately Mendelian ratios, suggesting balancing selection [45,107]. The

secretor phenotype plays an important role in formation of immune complexes, secretion of

antigens in body fluids, as such non-secretors can have greater susceptibility to pathogenic

bacteria. It has been shown that secretor status contributes to inter-individual microbial

variation[30]. The effect of secretion genotype on microbial community assembly in infants

has been examined previously, which demonstrated that secretor infants, who are able to pro-

duce fucosylated milk oligosaccharides, had an increased proportion of Bifidobacterium[56];

additionally, secretor mothers had significantly increased microbial community stability in

breast milk, which was transferred to the gut of breastfed infants.[30] This is presumably

because nonsecretor mothers are unable to secrete α1,2-linked fucosylated glycans in their

breast milk, and these glycans act as a prebiotic to feed the neonatal microbiota, facilitating

the selective expansion of mutualist microorganisms and inhibiting growth and adhesion of

opportunistic and obligate pathogens at the gut mucosal surface. The microbiota itself can

stimulate the induction of mucin expression and FUT2 expression [55,109]. Nonsecretors

are known to be resistant to certain strains of rotavirus, Helicobacter pylori, and norovirus,

but have an increased risk for Crohns disease and type 1 diabetes [50,51,54,56,110-112].Many

symbiotic gut bacteria can and do utilize fucose, and it is protective in several disease models,

it can also be taken advantage of by harmful microbes [55]. Therefore, mucosal glycans sup-

port a robust, stable microbiota, which benefits the mature host through conversion of dietary

components into critical metabolites (e.g., short chain fatty acids) and competitive exclusion
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of enteric pathogens and occupation of mucosal niches [48,109]. Notably, bifidobacteria can

produce 1,2-α-fucosidase to hydrolyse α1,2-fucosyl linkages present in various glycans, such

as the histo-blood group antigens [25]. Furthermore, Morrow et al. found differences in

survival between premature infants of differing secretor statuses; low secretion or nonsecre-

tion was associated with more severe morbidity [113]. Studies have shown that, in adults,

bifidobacterial abundance varies with secretor status[56,114]. However, other recent work

has failed to find significant differences in the gut microbiota [115,116] or clinical outcomes

[117] by secretor status.

Despite attempts to identify differences in the microbiota of secretors and non-secretors,

to date, no attempt has been made to determine if non-secretion has a significant impact

on the functional potential of the microbiome. The goal of this study is to investigate the

interaction between the childs FUT2 genotype and the microbiome and mycobiome, using

both amplicon sequencing of the 16S and ITS rRNA gene, and shotgun metagenomics. These

findings have implications for potential precision medicine biomarkers to predict disease

endpoints associated with secretor status mediated microbial outcomes in a mature host.

3.3 Materials and Methods

3.3.1 Patient enrollment and sample collection

The Growing Up in Singapore Towards healthy Outcomes (GUSTO) parent-offspring co-

hort study recruited pregnant women aged 18 years and above, attending their first trimester

antenatal dating ultrasound scan clinic at Singapores two major public maternity units,

namely National University Hospital (NUH) and KK Women’s and Children’s Hospital

(KKH) between June 2009 and September 2010. The participants approached were Sin-

gapore citizens or permanent residents who were of Chinese, Malay or Indian ethnicity with

homogeneous parental ethnic background and who had the intention of eventually delivering

in NUH or KKH and residing in Singapore for the next 5 years. Informed written consent was
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obtained from each participant and children were followed up at the study clinic at 18, 24 and

36 months.[118]For each participant, maternal and child FUT2 genotype was determined,

and stool samples were taken using standard protocols. Of the 965 children enrolled in the

entire GUSTO cohort who had completed 24-month old visits, 399 children were selected.

All of the children were of Chinese ethnicity, due to the difference in inactivating SNP by

ethnic group, and had provided stool samples at 24 months. Participant characteristics are

summarized in Table 3.1.

Table 3.1: Overview of the FUT2 childhood cohort characteristics.

Patient

Characteristic
Secretor (n=323)

Non-secretor

(n=76)

Sex, M/F 165/158 37/39

Ethnicity, % Chinese 100 100

Maternal age, years 32.2 ± 4.5 32.9 ± 4.5

Maternal genotype

(SeSe/Sese/

sese/Unknown)

103/156/54/10 0/43/32/1

Child genotype

(SeSe/Sese/sese)
112/211/0 0/0/76

Gestational age at

birth, weeks
38.9 ± 1.2 39.1 ±1.2

3.3.2 Stool sampling, DNA extraction and amplicon sequencing

DNA was extracted using the MoBio PowerFecal DNA kit (Qiagen, Carlsbad, CA) with

modifications based on the Earth Microbiome Project protocols (www.earthmicrobiome.org).

The V4 region of 16S rRNA gene was amplified using polymerase chain reaction with modified

515F and 806R primers, followed by amplicon sequencing using the MiSeq platform (Illumina,
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San Diego, CA) based on existing protocols to generate ≈17,000 250 bp paired-end reads

per sample[88].

The ITS gene was amplified using polymerase chain reaction with ITS1f and ITS2 reverse

barcoded primers, followed by amplicon sequencing using the MiSeq platform (Illumina, San

Diego, CA) based on existing protocols to generate 230 bp reads [88].

The metagenome sequencing libraries were prepared using the Nextera XT DNA Library

Prep Kit (Illumina, San Diego, CA, USA). Per manufacturers protocol genomic DNA under-

went fragmentation by tagmentation, followed by limited cycle PCR to add platform specific

sequencing adapters and unique barcodes to each sample. Amplicons were size selected

and purified by AMPure XP beads (Beckman Coulter, Indianapolis, IN, USA) followed by

quantification using the Picogreen assay (Thermo Fisher Scientific, Waltham, MA, USA) on

the Infinite 200 Pro plate reader (Tecan GmbH, Grödig, Austria) and pooled at equimolar

concentrations for sequencing.

3.3.3 Sequence data processing

The V4 region 16S rRNA gene amplicon data were analyzed using the DADA2 plugin

[89] in QIIME2[90]. Data were imported into QIIME2-2018.6 and demultiplexed with demux

emp-paired. The DADA2 plugin was used for quality control, including filtering phiX reads

and chimeric sequences. Trimming was performed to trunclen 140 and trim 20, then the

resulting feature tables were merged. Taxonomy was assigned against the Greengenes v13.8

database. The ITS gene amplicon data were imported into QIIME2-2018.6 and forward

reads only were demultiplexed with emp-single. The DADA2 plugin was used for quality

control, including filtering phiX reads and chimeric sequences. Trimming was performed to

trunclen 200 and trim 0. Taxonomy was assigned against the UNITE version 7 (01/12/2017)

database, dynamic classifier.

Metagenomic sequence reads were clipped using nesoni (https://github.com/victorian-

bioinformatics-consortium/nesoni), then annotated to known taxa and functional genes using

40



MetaPhlan2[119] and HumanN2[120], respectively. Draft genomes were assembled using

metaSPAdes[121] and the de novo assembled contigs were aligned against NCBI reference

genomes using bowtie2[122].

3.3.4 Statistics and data analysis

We calculated the correlation between the relative abundances of the sequence variants

and FUT2 genotype by regression analysis in R. We employed UniFrac distances to examine

microbiome structure between samples to test differences between groups using multivariate

statistical methods such as principal coordinate analysis (PCoA) and permutational multi-

variate analysis of variance (PERMANOVA). To identify the predictive value of genotype on

16S rRNA and ITS microbiome community composition, we applied random forest machine

learning (after rarefying to 5000 sequences/sample, 1000 trees) and Analysis of Composition

of Microbiomes (ANCOM;[91]). To probe 16S rRNA and ITS co-occurrence patterns, we

sub-selected the samples containing a minimum of 1000 16S reads and 1000 ITS reads from

the 24-month stool samples to generate a network using SparCC[123]. We then applied

partial CCA analysis to identify co-abundant groups that were associated with secretion

status after FDR correction, controlling for delivery mode, duration of breastfeeding, gen-

der, antibiotic exposure in the first year and birth weight, using Monte Carlo Permutation

tests, 9999 permutations. Next we regressed the proportions of co-abundant groups against

genotype using MaAsLin[124].

To analyze the metagenomic short reads, we performed MetaPhlaN2[119] and HumanN2[120]

to annotate taxonomic classification and putative functions, respectively. We used LDA Ef-

fective Size (LEfSe) to identify differentially abundant taxa based on MetaPhlaN results[125].

We performed pairwise T-tests with FDR correction to examine differences between percent

of metagenomics contigs mapping to NCBI reference genomes.
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3.4 Results

3.4.1 Overview of the childhood cohort

Child characteristics (Table 3.1) were determined for the population of 399 24-month-old

toddlers, whose metrics and stool samples were acquired as part of the GUSTO study[118].

Of these 399, 133 had an additional stool sample at 48 months.

In total, 8,333,749 16S rRNA and 5,773,371 ITS rRNA amplicon reads were generated

across all 532 samples, with a range of 0 to 47,033 (median 16,637; mean 16,601) reads for

16S rRNA and 1 to 73,291 (median 7,997; mean 12,053) reads for ITS rRNA. Sequence

depth was rarified to 2500 for 16S rRNA and 1000 for ITS rRNA, which resulted in 500

samples for 16S rRNA analysis and 389 samples used for ITS analysis. Reads were classified

into Exact Sequence Variants (ESVs) using DADA2, creating a total of 3277 16S rRNA

ESVs, with a range of 2 to 539,761 reads per ESV (median 42; mean 2,543), and 1117 ITS

rRNA ESVs, with a range of 1 to 2,075,216 reads per ESV (median 65; mean 5,168). All

ESVs were annotated to known microbial taxa against the GreenGenes database for 16S,

UNITE version 7 for ITS. We also generated a total of 5,180,189,689 shotgun metagenomic

sequence reads, with a range of 309 to 12.77 million reads (median 3.66; mean 3.74 million).

Following assembly, there were a range of 6 to 50933 contigs/sample (median 18570; mean

19436), median total length was 42636269 bp, with a mean total length was 44578782 bp.

The GC content (%) ranged from 41.5% to 58.3% and N50 ranged from 551 to 89154 with

a median of 6504 and mean value of 8796 (statistics calculated in QUAST[126]).

3.4.2 Alpha and beta diversity

No significant differences in 16S rRNA or ITS alpha diversity were observed by secretor

status using Shannon, Simpson, or phylogenetic distance metrics (Figure 3.1). Similarly,

when comparing the childrens microbiota (16S and ITS) between either maternal genotype

(secretor status of the mother), the sex of the child, or the duration of breast feeding,
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Figure 3.1: Shannon alpha diversity between a) 16S and b) ITS samples did not differ by
FUT2 genotype at 24 months. p > 0.05.
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Figure 3.2: PCoA plot of Bray-Curtis dissimilarity on 16S taxonomy.

no significant difference in alpha diversity was observed. However, there was a significant

increase in alpha diversity at 48 months of age compared to 24 months of age (p = 2.926446e−

16).

Metagenomic gene alpha diversity was also calculated, which showed that the Shannon

index of gene families did not differ significantly by maternal genotype (secretor status of the

mother), the sex of the child, or the duration of breast feeding, but did differ between infant

genotypes (p = 0.0058), with nonsecretors (sese) and heterozygotes (Sese) having signifi-

cantly greater gene family alpha diversity (Shannon index) when compared to homozygous

secretors (SeSe). However, the number of observed gene families was not significantly dif-

ferent by infant genotype or secretor status, implying that the differences stemmed from

the distribution of gene family evenness. Indeed, sese had significantly greater gene family

evenness (p = 0.0377) compared to SeSe, who had significantly lower evenness compared to

Sese (p = 0.0017) or sese children (p = 0.0005).

As with alpha diversity, microbial beta diversity was significantly different between the
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Table 3.2: p-values of beta diversity metrics by maternal genotype, PERMANOVA, 9999
permutations per test.

Secretor
status

Child
genotype

Maternal
genotype

Bray-
Curtis

Weighted
Unifrac

Unweighted
Unifrac

Non-
secretors

sese Sese vs. sese 0.7665 0.4785 0.0840

Secretors

Sese Sese vs. sese 0.9175 0.9925 0.8763
Sese SeSe vs. Sese 0.8562 0.6539 0.9978
Sese SeSe vs. sese 0.6848 0.5193 0.7196
SeSe Sese vs. SeSe 0.4742 0.3045 0.3533

Table 3.3: Other characteristics affecting the child gut microbiome at 24 months. p-values
were obtained using the Monte-Carlo permutation test in partial CCA. Additive FUT2
genotype was used as the covariate.

Characteristic p-value
Duration of any

breastfeeding
0.001

Delivery mode
(Vaginal vs.

Caesarean section)
0.027

Birth weight 0.033
Gender (Female vs.

Male)
0.097

Gestational age
(weeks)

0.197

different populations at both time points. Bray Curtis distance using either 16S rRNA

and ITS rRNA data were significantly different between the non-secretors and secretors

(either homozygous or heterozygous; p¡0.05, PERMANOVA)(Figure 3.2). There was no

significant difference in beta diversity between the homozygotic and heterozygotic secretors.

No difference in 16S or ITS rRNA beta diversity was observed with mothers secretor status,

child gender, or duration of breast feeding (Table 3.2, Table 3.3).

Pairwise PERMANOVA on functional gene beta-diversity using Bray-Curtis dissimilarity

showed significant differences between secretors and nonsecretors (p = 0.018). Furthermore,

a significant difference was found between homozygous secretors (SeSe) and nonsecretors

(sese; p = 0.001) but not between heterozygous secretors (Sese) and nonsecretors (sese) (p =
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0.08). Using Jaccard dissimilarities, the same pattern was detected (significant difference

between secretors and nonsecretors, p = 0.007; significant difference between SeSe and sese

groups, p = 0.004).

3.4.3 Microbiota taxonomy associates with secretor status

Using ANCOM we compared the proportions of 16S rRNA and ITS ESVs between se-

cretor genotypes to determine if specific taxa were significantly differentially abundant. AN-

COM employs multiple-hypothesis correction and allows for co-variates to be controlled for.

Here we controlled for maternal genotype, duration of breastfeeding, child gender, delivery

mode, and the number of courses of antibiotics received in the first year. For 16S rRNA, AN-

COM identified 29 ESVs whose proportions were significantly different between infants when

controlling for relevant co-variates (Table 3.4). Specifically, ESVs annotated to Ruminococcus

gnavus, Escherichia coli, and genera Streptococcus, Blautia, Bifidobacterium, Enterococcus,

and families Erysipelotrichaceae and Peptostreptococcaceae were at a greater proportion in

secretors. However, different ESVs of Streptococcus, Blautia, Bifidobacterium, Ruminococcus

gnavus, and Erysipelotrichaceae were also relatively enriched in non-secretors, implying that

the 16S rRNA gene provided inadequate resolution to distinguish between these organisms.

For ITS rRNA, ANCOM identified no fungal ESVs significantly different between child FUT2

genotypes.

At 48 months, only a single ESV differed significantly between child genotypes: a Blautia

ESV, which was found to be more abundant in secretors. At both time points, Random

Forest models on 16S rRNA or ITS gene abundance were no better than chance at pre-

dicting secretor status or child genotype. This implies that despite certain taxa that differ

significantly between secretor status or genotypes, they are insufficiently predictive in the

context of the whole community structure.
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Table 3.4: ESVs significantly different between genotypes by ANCOM.

Taxonomy Lowest in Highest in
Bifidobacterium sese SeSe
Bifidobacterium sese SeSe
Bifidobacterium SeSe sese
Blautia sese SeSe
Blautia SeSe sese
Collinsella aerofaciens sese SeSe
Dorea SeSe sese
Eggerthella lenta SeSe sese
Eggerthella lenta sese SeSe
Enterobacteriaceae SeSe sese
Enterococcus sese SeSe
Enterococcus sese SeSe
Erysipelotrichaceae SeSe sese
Erysipelotrichaceae SeSe sese
Erysipelotrichaceae sese SeSe
Escherichia coli Sese SeSe
Escherichia coli sese SeSe
Eubacterium dolichum SeSe sese
Haemophilus parainfluenzae SeSe sese
Peptostreptococcaceae sese SeSe
Peptostreptococcaceae SeSe Sese
Peptostreptococcaceae SeSe Sese
Peptostreptococcaceae Sese SeSe
Pseudoramibacter Eubacterium sese SeSe
Ruminococcus gnavus SeSe sese
Ruminococcus gnavus Sese SeSe
Streptococcus SeSe sese
Streptococcus SeSe sese
Streptococcus sese SeSe
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3.4.4 16S-ITS co-occurrence

We sub-selected the samples containing a minimum of 1000 16S reads and 1000 ITS reads

from the 24-month stool samples to generate a network using SparCC[123]. 220 16S ESVs

(present in 5% of samples) and 31 ITS ESVs (present in ≤2% of samples) clustered into 25

co-abundant groups (CAGs) (SparCC and PERMANOVA, p < 0.001). (Figure 3.3a). At 24-

months, none of the CAGs maintained significant co-association patterns between 16S and

ITS ESVs. Partial CCA analysis identified seven co-abundant groups that were associated

with secretion status after FDR correction, while controlling for delivery mode, duration of

breastfeeding, gender, antibiotic exposure in the first year and birth weight (Figure 3.3b).

The most abundant ESV in each group was: CAG25 Bifidobacterium, CAG24 Blautia,

CAG22 Enterococcus, CAG23 Akkermansia, CAG1 Blautia, CAG7 Bifidobacterium, CAG8 Dorea.

CAG25 Bifidobacterium was positively associated with secretors (coefficient 0.116), while

CAG7 Bifidobacterium was negatively associated with secretors (coefficient -0.082). Sim-

ilarly, CAG1 Blautia and CAG24 Blautia (Figure 3.3c) showed differential trends, which

recapitulated the results from the ANCOM analysis.

3.4.5 Functional genetic potential associates with secretor status

For the shotgun metagenome short reads, we ran Linear Discriminate Effect Size anal-

ysis (LefSe) on the MetaPhlan annotations, which demonstrated a significant enrichment

of bacterial genomic data annotated to Bacteroides uniformis, Haemophilus parainfluenzae,

Collinsella tanakaei, Ruminococcus gnavus, Clostridia, and Bifidobacterium longum; mean-

while similar to the 16S data, Enterococcus organisms were significantly enriched in secretors

(Fig. 3.4a). When we performed LDA on the HumanN2 annotations to determine which

gene families were enriched in each genotype, there were no significant differences in gene

families annotated to fucose-related functions. Instead, the only gene families that were dif-

ferentially abundant were housekeeping genes specific to the taxonomic differences observed

by MetaPhlaN (Fig. 3.4b). Therefore, the short read metagenomics analysis did not identify
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Figure 3.3: a) SparCC co-abundance network. Positive correlations are indicated by grey
edges; negative correlations are in red. 16S taxa are circles and ITS taxa are squares. b)
Partial CCA identified significant co-abundant groups (CAGs) that associate with child
FUT2 genotype and secretor status, p = 0.001 by Monte Carlo permutation, 9999 permu-
tations. c) Heatmap of the abundance of co-abundant groups with significant MaAsLin
coefficients. CAG30 Blautia is more abundant in SeSe; CAG1 Blautia is more abundant
in sese; CAG31 Bifidobacterium is most abundant in SeSe; CAG8 Bifidobacterium is most
abundant in sese.

48



Figure 3.4: Heatmap of top 25 most abundant MetaPhlaN species by child FUT2 genotype.

significant functional differences among the FUT2 genotype. Furthermore, a Random Forest

model on HumanN2 gene families demonstrated a predictive accuracy of 0.78, suggesting

that functional gene profile was predictive of secretor status. The five most important fea-

tures were proteins of unknown function mapped to Clostridioides difficile, Blautia obeum,

Ruminococcus gnavum, and Dorea spp.

3.4.6 Comparing genomes by ecological niche

As ESVs and co-abundant groups annotated to the same genus showed opposite asso-

ciations with secretor status, we originally hypothesized that different species or strains of

each genus would show marked differences in their ecological response to fucose availabil-

ity. We tested this hypothesis by using MetaPhlan on the metagenomics short reads to

yield species-level taxonomic annotation. We found different abundances of taxa within

genera Bifidobacterium, Blautia, Ruminococcus, and Streptococcus. Different species of each
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Figure 3.5: The proportion of metagenome short reads mapping to a) fucose degradation
pathway and b) superpathway of fucose and rhamnose degradation did not differ between
the genotypes p > 0.05.

genus showed significant differences in proportion by secretor status (Figure 3.3). The top

25 species assignments showed a significantly greater proportion of Blautia producta, Ru-

minococcus torques, and Ruminococcus gnavus in nonsecretors. Meanwhile, secretors had a

greater abundance of reads mapping to Bifidobacterium pseudocatenulatum, Bifidobacterium

animalis, Enterococcus avium, and Bifidobacterium breve. However, the overall distribution

of reads mapping to annotated fucose pathways did not differ between child FUT2 genotypes

(Figure 3.5). Therefore, the opposite associations of certain ESVs of Bifidobacterium and

Blautia observed in 16S rRNA ESV abundance data was probably attributable to species-

level taxonomic differences. To further explore the metagenomics species-level associations,

we assembled the reads and aligned assembled contigs against NCBI reference genomes of

Bifidobacterium species, including B. adolescentis, B. animalis, B. bifidum, B. breve, B.

catenulatum, B. longum, and B. pseudocatenulatum. A significantly greater proportion of

metagenomic contigs (2.2%-3.8%; mean 3.04%; median 2.91%) mapped to these genomes

using data from homozygous secretors (SeSe), compared to heterozygotes and nonsecretors

(Sese=1.9-3.0%; mean 2.46%; median 2.44%; sese=1.8-3.1%; mean 2.47%; median 2.42%;
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Table 3.5: Percent of assembled contigs from each genotype mapping to NCBI reference
genomes.

Reference Genome SeSe Sese sese
Bifidobacterium adolescentis 3.09 2.62 2.59
Bifidobacterium animalis 2.21 1.85 1.84
Bifidobacterium bifidum 2.91 2.44 2.42
Bifidobacterium breve 3.67 2.94 2.96
Bifidobacterium catenulatum 2.75 2.17 2.14
Bifidobacterium longum 3.77 2.98 3.11
Bifidobacterium pseudocatenulatum 2.9 2.27 2.24
Blautia hydrogenotrophica 1.22 1.2 1.23
Blautia producta 3.15 3.33 4.34
Ruminococcus gnavus 4.09 3.7 3.89
Ruminococcus torques 1.88 2.05 2.13

Table 3.5; p < 0.001). The nonsecretor and heterozygous secretor genotypes showed no

significant differences in mapping percentage. Interestingly, even for species that were iden-

tified as enriched in nonsecretor metagenomes (using MetaPhlan), the percentage of secretor

(SeSe) contigs that mapped was still greater than nonsecretor (sese) contigs. We did not

observe greater alignment of any bifidobacterial genomes with the nonsecretors, even for

those species that were observed to have higher proportions by 16S rRNA and short read

sequencing. This implies that the mapping technique did not fully capture functional differ-

ences, and that the majority of contigs mapped to conserved bifidobacterial sequences rather

than species-specific genes.

3.5 Discussion

With the move toward personalized medicine, it is important to understand how indi-

vidual differences, including host genetics, influence the functional potential of the human

microbiome. Fucosyltransferase 2 (FUT2) is a key gene that has been identified as play-

ing a role in host-microbial interactions, and shows conserved distribution in global human

populations. However, previous studies have presented conflicting evidence on whether the

microbiome shows a significant association with differences in the FUT2 genotype. These
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previous studies employed only 16S rRNA marker gene analysis; we expanded on this by

using both 16S and ITS rRNA analysis to further target the fungal populations, as well as

using shotgun metagenomic analysis to unpack the impact of FUT2 host genotype on the

functional potential of the microbiome.

We identified a few bacterial taxa that varied by FUT2 secretor genotype in 24-month

old children. However, most of these differences were abrogated in the 48-month old samples,

with the exception of a single variant mapping to Blautia. No significant differences between

secretor status were observed for any fungal taxa at either timepoint.

Interestingly, we identified the same bacterial genera that presented with opposite pro-

portional trends by secretor status. We hypothesized that this could represent differences in

species abundance within these genera. This would suggest that different species maintain

different functional potential in response to fucose availability. The metagenomic short read

analysis showed species-level differences; however, we were unable to identify any differences

in functional pathways between the differentially abundant species. We had a sufficient

sample size in our cohort such that the taxonomic differences in the microbial commu-

nity composition observed between the FUT2 child genotypes are unlikely to be stochastic

founder taxa effects. We conclude that the taxonomic differences may contribute to differ-

ences in functional potential outside of known fucose pathways. Future work will capitalize

on the assemblies from the metagenomics samples to compare Bifidobacterium and Blau-

tia pangenomes from this cohort and determine if the metabolic functional potential differs

across these samples. Furthermore, experiments in genetic knockout animal models can help

uncover the mechanistic explanation for the Bifidobacterium niche differentiation observed.

A strength of this study was the deep sequencing done on a relatively large cohort. All

of our subjects had the same ethnicity and therefore the same FUT2 polymorphism. Lim-

itations of this study included its cross-sectional nature (one or two timepoints instead of

longitudinal sampling) and the samples were all taken post-weaning. The literature indicates

that maternal secretor phenotype affects bifidobacterial abundance in breastfed infants[30],
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whereas we did not see any effect of maternal FUT2 genotype on the childrens gut micro-

biome. This implies that the early expansion of bifidobacteria in secretor-fed infants may

not persist.
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CHAPTER 4

DISCUSSION

4.1 Key findings

Altogether, the projects described in this thesis highlight the importance of studying mi-

crobiome dynamics, not just composition, and the potential role of host genetics in selecting

for microbial function. Preterm infants are an interesting ecological problem with abnormal

microbial colonization and succession, likely because they are exposed to microbes and the

extra uterine environment earlier in gestation than term infants, and they are frequently

given antibiotics and other medical interventions. Similar to our study, others have noted

that the preterm infant gut microbiome is highly personalized[127]. In our study, there was

high intra-individual variability and postmenstrual age described the majority of variance

in beta diversity over time. We identified associations between microbiome composition and

infant growth outcomes, implying that there may be a link between the microbiota and

preterm infant development. For example, we found that infants with higher proportions of

Klebsiella and Staphylococcus had less weight gain during the NICU stay. Both of these taxa

include known pathogens, so it is possible that a higher proportion of these taxa indicates

dysbiosis, a state that has been previously associated with poor growth outcomes. We also

found an association between microbiome beta diversity volatility and infant growth tra-

jectory (change in length z-scores). Catch up growth is particularly important for preterm

infants, and it is believed that growth in certain windows of time can be beneficial to later

health outcomes [100,101]. Poor weight and length gain over time can be seen as indicators

of nutritional stress, so the associations we observed suggest that microbiome development

may be related to infant nutrition, which can have long lasting effects on childhood health.

Additional research should target the relationship between VLBW length and weight gain

and microbiome development.

The interplay between host genetics and the microbiome is another area in which many
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questions remain. The effect of individual differences on the microbiome is an important

factor to consider as the field moves towards personalized medicine. Specific host genes such

as FUT2 have been identified as playing a role in host-microbe interactions. In septic infants,

FUT2 genotype has been shown to affect mortality risk[117], and FUT2 non-secretor status

is protective against some pathogenic infections[50,52-54,129]. However, a number of studies

have failed to find differences in the gut microbiota composition[115,116]. These opposing

results raise the question of what interactions might occur between the microbiota and the

immune system. We identified differences in microbial community composition and structure

between children with different FUT2 genotypes. Interestingly, bacteria from the same genus

were differentially abundant in FUT2 secretors and FUT2 non-secretors, providing evidence

for niche differentiation.

The early life window is a crucial time to study the microbiome and it is critical to consider

the myriad factors that can contribute to microbial development. Plenty of questions remain

about the human microbiome in the first few years of life. Further prospective studies are

needed to assess microbiome maturation in preterm infants, as we still do not understand

what normal microbiome development looks like in this population. Understanding changes

and shifts in the microbiome over time may be equally, if not more important, than solely

focusing on the identity of microbial functions and taxa. Focusing on functions, rather than

taxa, may be critical in addressing some clinical questions[130], because microbial functions

seem to be conserved even when there are no core taxa present between individuals. Our work

suggests that taxonomic surveys of the microbiome may be insufficient to reveal associations

between microbial niches and human genotype, which would be more appropriately suited

to functional microbial surveys.

4.2 Limitations of the current work

Each aim of this thesis had unique limitations. For example, in Chapter 2, for the preterm

infant cohort we had a relatively small sample size overall, and lost many patients to follow
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up by the 2 and 4 year time points. This left us underpowered to address many comor-

bidities: conditions like necrotizing enterocolitis, intraventricular hemorrhage, retinopathy

of prematurity, and others, could reasonably be hypothesized to have significant effects on

the microbiome (either directly or through the associated therapeutic interventions) but we

only had a few infants per condition. The goal of this aim was to be longitudinal on a long

time-scale, but we only had consistent sampling over the NICU stay for most of the individ-

uals. In Chapter 3, the FUT2 cohort, we had a cross-sectional study design with a larger

sample size, but ultimately only a single sample per time point for each individual. While we

did have several individuals with a 48-month time point, which approximately recapitulated

the genotype ratios, we had a smaller sample size and therefore lower power. Also, with only

two time points two years apart we lacked sufficient temporal resolution, so the study was

still primarily cross-sectional.

Microbiome dynamics in the early life time period are just beginning to be studied,

with much prior work representing cross-sectional single time point birth cohorts. Such

study design can be harnessed for statistical associations[2,131] but fail to establish causal

relationships. Key principles in ecology that apply to microbial communities are those of the

stability (resistance to change) and resilience (the ability to return to initial state following

perturbation)[2]. Longitudinal studies with denser temporal sampling and large sample sizes

are important to improve our understanding of the microbiome in early life.

The gut microbiome has been shown to be highly personalized to individuals, and fur-

thermore, temporal variability is also personalized[132]. Variability in microbial community

composition among individuals generally exceeds intra-individual variability over time, but

temporal variability within an individual is considerable[132]. Therefore, studies that collect

samples at a single time point may be insufficient to characterize each individuals gut micro-

biome. In studies that examine large changes in the microbiome in response to interventions

or disease states, inter-individual and intra-individual variability may be irrelevant, but for

studies like those presented in this thesis, when health (and not disease) is the primary
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outcome, shifts in the microbial community might be more subtle and could be eclipsed by

inter and intra-individual variability. Some of these variations can be abrogated by using

each individual as their own control (before and after treatment, or sampling over time),

but the tradeoff would be a necessary reduction in the number of subjects, in part due to

the cost of sample processing. Therefore, longitudinal vs. cross-sectional study design is an

important consideration for future studies, especially about the early life time period, when

intra-individual variability is higher than in adults.

In addition to the constraints of the sampling design, the type of sequencing can also

affect the types of conclusions that can be drawn. 16S rRNA gene sequencing is rapid and

cost-effective and allows inferences about the taxonomic identity and relative proportions

of the bacterial and archaeal populations present in a sample, while whole-metagenome

shotgun analyses generate short reads of the genomes of all microorganisms present in a

sample[133,134]. 16S rRNA is a useful tool to get a glimpse at who is present, while shotgun

metagenomics reveals information about what they might be doing, by providing informa-

tion about the functional genetic potential of the community. Other approaches, such as

metatransciptomics, highlight which functional genes are actually being transcribed, while

metabolomics can characterize the products of microbial metabolism. The future of mi-

crobiome research lies in integrating multiple ’omics technologies to paint a more complete

picture. In Chapter 2, we leveraged 16S rRNA sequencing to generate a detailed survey

of the relative abundances of bacteria present in each sample. However, we were limited

by an absence of functional gene information. Furthermore, because marker gene analy-

sis relies on amplification, it cannot yield absolute abundance data and only gives relative

abundance information. A variety of statistical tools have been developed to overcome this

limitation, by taking into account the compositional and zero-inflated nature of microbiome

datasets[91,135,136]. In Chapter 3, we used both 16S rRNA and ITS marker gene sequenc-

ing as well as shotgun metagenomics sequencing to characterize each sample. This gave us

a picture of taxonomic abundances as well as a gene-based inventory and analysis to ex-
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plore functional mechanisms of action. Within shotgun metagenomics analysis, differences

in methods and approach can also affect the results. For example, we used primarily short

read data throughout this thesis. An alternative approach that will be a major component

of future work is metagenome assembly. The pros of assembly over read mapping include

providing genomic context, lower risks of false positives, and the potential to discover new

taxa, while cons are that assembly is computationally expensive, and imposes a higher limit

of detection (a lack of assembly does not imply absence from a sample)[137].

There are some challenges to metagenome assembly. In a genomic study or a sample from

a single culture, it may be assumed that all reads are from the same original genome, while

in metagenomic studies, it is difficult to distinguish closely related species or strains[138].

Related species or strains can introduce overlaps, rendering assembly more complex, and can

result in chimeric contigs[138]. The assembly tool we have used, metaSPAdes, does not use

the same scaffolding process as genomic assembly, but instead uses paired reads to resolve

chimeras[121,139]. The set of contigs output from the assembler is then grouped into sets

(bins) to represent species or strains. The binning methods we employed, MetaBAT[140]

and CONCOCT[141], leverage sequence composition and coverage across multiple samples

to power their binning algorithms. We then usedCheckM, which uses the presence of marker

genes to assess assembly quality and also uses the position of a genome within a refer-

ence genome tree to improve accuracy[142]. There are a plethora of metagenome assembly

approaches and new tools constantly under development, all in the hopes of increasing the

precision of reconstituting thousands of genomes from short reads. By using both short reads

and assembly-based approaches, we hope to maximize our understanding of the functional

genetic profile of our samples.

4.3 Future directions

A natural extension of the work presented in this thesis is to do further metagenomics

analysis on each of these cohorts. For Chapter 2, the preterm infant cohort, a smaller subset
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of infant samples (three infants at five NICU timepoints and an additional five infants at dis-

charge, 2 year, and 4 year) have been sent for metagenomic sequencing at high enough depth

to allow assembly. For Chapter 3, the FUT2 cohort, all of the samples have been sequenced

via shotgun and assemblies have been completed. Ongoing work includes a pangenomic ap-

proach to compare the coverage of genes between the different bifidobacterial species. This

type of analysis will be useful to determine enzymes and metabolites that could be targeted

with metabolomics.

Another experimental approach that could establish a mechanistic link between FUT2

genotype and the microbiome would take advantage of a mouse model. FUT2-/- knockout

mice have been bred and other groups have successfully rederived them in germ free isola-

tors[49,55]. Such germ free mice could be humanized or gavaged with microbiota samples

from our FUT2 cohort. One experiment could be to gavage stool from FUT2+/+ or FUT2-

/- donors into mice of each background. We would hypothesize that the FUT2+/+ stool in

a FUT2+/+ mouse would be most similar to the original inoculate (bearing in mind that

any humanized mouse naturally selects for strains best adapted to the murine host[143]),

and FUT2-/- stool in a FUT2-/- mouse would also recapitulate the stool population. How-

ever, we would expect to see loss of bifidobacteria and other bacterial populations with the

functional capacity to use fucose from the FUT2+/+ stool in FUT2-/- mice over time, pre-

suming there would not be intestinal fucose present to act as a prebiotic. Likewise, FUT2-/-

stool in a FUT2+/+ mouse might lead to the selective expansion of minority bifidobacterial

populations that do use fucose as a carbon source. Humanized mice do have limitations; for

example, their gut-associated immune systems are altered, with deficits in antibody produc-

tion, fewer and smaller Peyer’s patches and mesenteric lymph nodes, and altered patterns of

microvilli formation, among other developmental defects[58]. Most importantly, the question

of which transferred microbes are well adapted to the mouse to engraft in the gut, might

bias the results, since presumably bifidobacterial genera with opposite abundance trends in

FUT2+/+ and FUT2-/- humans could also differ in their ability to persist in mice. How-
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ever, humanized mice used in this type of experiment would furnish convincing evidence of

a causal link between FUT2 genotype and microbiome composition.

4.4 Conclusions

Overall, early life is a critical window of time in microbiome development and deserves

further study. It appears that exposure to microbes during and immediately following birth

is vital to priming the immune system, which can have lifelong health effects. Furthermore,

from an ecological standpoint, the earliest colonizer taxa establish niches and can persist long

term. As laid out in this thesis, both events surrounding birth and individualized human

genotypes seem to associate with the microbiome in early life, indicating that these factors

require consideration in future study.
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