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Abstract

The human gut is home to trillions of microbes that interact intimately with the host

and its diet. An important emergent phenotype by these microbes is colonization

resistance, the process by which a microbial community resists colonization of an

exogenous microbe. This resistance barrier is critical for protecting humans from in-

fectious enteric pathogens. However, it is detrimental to the deliberate engraftment

of probiotics which are live microbes beneficial to the host. The mechanisms behind

these barriers have been studied extensively, but the microbiome is a network of

many biological nodes and ecological edges that can interact with an invader in nu-

merous ways. Therefore, defining the precise mechanisms for resistance of a specific

pathogen or probiotic is challenging, due in large to this combinatorial challenge. In

the second chapter of this dissertation, I demonstrate a novel approach that can sug-

gest key taxa or host factors associated with clinical outcomes of interest including

colonization resistance. In particular, I leveraged a rare prospective cohort study

with machine learning methods for identifying gut bacterial signatures associated

with susceptibility to cholera. I demonstrated that the human gut microbiota can

predict the susceptibility of its host to the diarrheal disease. One of the predictive gut

microbes identified by my model, Paracoccus aminovorans, facilitated the growth of

Vibrio cholera, the etiologic agent of cholera, in vitro. My model also linked gut mi-

crobiota structure, clinical outcomes, and age. This integrative approach suggested

that gastrointestinal immaturity of the host and its gut microbiome may be crucial
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for resisting colonization of enteric pathogens. The predictive model was also over-

represented with members of the Bacteroidetes phylum, including several Bacteroides

species. These taxa belong to a genus that is dominant in the gut of human on a

western diet. Genomic, biochemical, and metabolic studies have vastly studied the

traits of these Bacteroides species and how they interact with the host. As obligate

anaerobes that are stably colonized in the human gut, the Bacteroides is an ideal

model genus for studying ecological mechanisms of colonization resistance. In the

third chapter of this dissertation, I developed a high-throughput rapid approach for

inferring the relative abundance of several Bacteroides species in a mixed community

grown on single carbon substrates. I validated the utility of this method by inves-

tigating whether Bacteroides species cooperate or compete when carbon resources

are limited. By profiling the growth of mixed cultures on single carbohydrates, I

show that Bacteroides exhibit both patterns of resource cooperation and compe-

tition. Together, these chapters show that development and application of novel

computational and experimental tools can shed light on the intimate interactions

between diet, microbiome, and the host in the context of colonization resistance.
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1

Introduction

The human gut microbiome is a crucial element of human health. Numerous studies

have associated the structure and function of microbes residing in the human gut

with various ailments including gastrointestinal disease [1], metabolic disorders [2],

and immune dysfunction [3, 4]. Dysbiosis of the gut microbiome can even have

causal effects on host physiology [5] and neurobiology [6]. The gut microbiome

however also offers several benefits to the host. It is essential for degrading nutrients

[7, 8], activating drugs [9] priming the immune system from infancy [10], lowering

systemic inflammation [11], and resisting infectious pathogens [12]. Our increasing

knowledge of host-microbiome interactions has necessitated the integration of the gut

microbial ecosystem into preventive and therapeutic medicine [13]. A more thorough

understanding of the network of microbes in the human gut and how they interact

with each other is accordingly essential for this integration.

Colonization resistance is one of the emergent phenotypes of these host-microbial

interactions that remains incompletely understood. As a multi-factorial phenotype,

colonization resistance prevents the establishment of microbes in the human gut

through abiotic barriers [14], competitive exclusion [15], antagonism whether by the
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gut microbitoa [16] or host [17], and immune defensive barrier [18]. Colonization

resistance is therefore an extraordinary defense that prevents pathogens from colo-

nizing and infecting a host [19] but an unfortunate barrier that precludes engraftment

of probiotics that are deliberately delivered as part of a prophylactic or treatment

regiment [20]. Therefore, a mechanistic understanding of how exogenous microbes,

whether pathogens or probiotics, colonize the gut microbiome will improve our ability

to design microbiome therapies.

However, colonization resistance manifests differently for each pathogen or pro-

biotic. Defining the precise host mechanisms or set of bacteria that confer resistance

to a given bacteria has accordingly remained elusive, due in large to combinatorial

challenges. As a biological network, the microbiome consists of hundreds of different

bacterial taxa residing in the human gut [21] (nodes) and they can interact with an

exogenous bacteria through a variety of direct and indirect mechanisms [22] (edges).

My dissertation contributes to unraveling this complexity by application of machine

learning toward identifying important nodes in the microbiome and ecological theory

to evaluate how resources structures the edges of this biological network.

1.0.1 Colonization resistance through the lens of machine learning

The bulk of our knowledge about the role of gut microbiome in disease stems from

animal studies that are often incompatible with standard statistical approaches. Mi-

crobiome studies often compare the microbial composition of subjects under different

environmental exposures, clinical diagnosis, or medical interventions. In a typical

study, the gut microbiome of subjects in distinct groups are profiled into counts of

community members usually through 16S rRNA gene sequencing. Correlation or dif-

ferential abundance analyses are subsequently used to identify associations between

gut bacteria with a phenotype or clinical outcome. The gut microbiome however

houses tens to hundreds of unique microbial strains [21]. A typical study is also lim-
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ited to a small sample size of test subjects [23]. The overwhelming complexity of the

gut microbiome coupled with low number of subjects results in the classical ‘large

p, small n’ problem [24]. The low statistical power of these studies is exacerbated

by the sparsity of the design matrix due to the high inter-individual variation in the

composition of the gut microbiome [25]. Further, many disease-microbiome associ-

ations may be attempting to identify unknowingly small effect sizes [26]. Machine

learning has accordingly emerged as a potential approach more compatible with the

statistical limitations of a typical microbiome study.

Supervised classification is a machine learning approach that can learn features

which discriminate between class of samples in a typical microbiome study [27]. Us-

ing training data, supervised classification learns a function that maps a set of input

features (relative abundance of taxa) into class or category labels (e.g. healthy versus

diseased). Learned classifiers can then be used to predict the class of a novel sample.

More importantly, supervised classification can be adapted to learn which features

best discriminate between clinical outcomes and therefore generate hypotheses about

associations of specific microbes and disease. These associations can subsequently be

experimentally tested and validated. Common biological applications where super-

vised classification has excelled include microarray or gene expression analysis [28],

which also suffers from the high-dimensionality curse. Recently, machine learning

has been applied for a variety of microbiome studies [29, 30, 31, 32, 33, 34, 35] and

has identified associations that otherwise would have been undetected. For example,

Zeller et al. [36] used LASSO logistic regression classifier [37] to learn taxonomic

markers of colorectal carcinoma from metagenomic sequencing of 156 fecal samples.

Metagenomic colorectal carcinoma detection was as accurate as standard fecal occult

blood tests and model was validated in independent patient and control populations

from different countries. The success of this study affirms that machine learning can

detect robust patterns in under-powered studies of gut microbiome.
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In regard to colonization resistance, we are interested in detecting patterns of

gut bacteria or host factors that resist or permit colonization of exogenous bac-

teria. However, most of our knowledge about host-microbiome interactions stems

from case-control studies which are less adept at showing such casual relationships.

Case-control studies are nonetheless informative. Influential studies have elegantly

demonstrated marked microbiota differences between healthy controls and individ-

uals burdened with chronic gastrointestinal conditions such as inflammatory bowel

disease [1], Crohn’s disease [38], and colon cancer [36]. Similar studies have also

characterized the dysbiotic states experienced under enteropathogenic infections by

Clostridium difficile [33], Shigella species [39], and Vibrio cholerae [40]. Notably,

some studies even longitudinally tracked human individuals undergoing enteric in-

fections but did not successfully capture characteristics of the gut microbiome prior

to onset of disease [40, 41]. In order to identify bacterial taxa involved in resisting

colonization of an exogenous bacteria, it is still more prudent to survey and learn

patterns in the gut microbiome prior to colonization. As a notable example, Mon-

tassier et al. [31] identified risk factors for bloodstream infection by characterizing

and learning patterns in the baseline fecal microbiome of patients with non-Hodgkin

lymphoma undergoing allogeneic hematopoietic stem cell transplantation prior to

the administration of chemotherapy. However, to my knowledge, there has not been

any studies for the susceptibility of unperturbed human gut microbiota to enteric

infectious pathogen. In the second chapter of this dissertation, I present the first

prospective cohort study for the colonization of an enteric pathogen, Vibrio cholerae,

in the gut of human individuals in an area of endemicity.

Cholera is a diarrheal infection of the small intestine caused by certain strains of

Vibrio cholera [42]. It is commonly transmitted through contaminated food or water

caused by poor sanitation [43, 44]. It is therefore more prevalent in areas strug-

gling with poverty, natural disasters, or war with current outbreaks in Bangladesh,
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Democratic Republic Congo, Haiti, Tanzania, and most recently Yemen [45]. There

are several ethical and technical challenges to studying cholera in humans or animal

models. Ethical considerations preclude exposure of human subjects to infectious

agents except in rare controlled trials [41] although cholera challenges have been

fairly common especially for vaccine studies as early as 1892 [46]. In addition, an-

imal research does not allow for complete understanding of cholera etiology and

pathophysiology. The standard adult mouse model is inappropriate because its gut

microbiome naturally resists colonization of V. cholerae unless the animal is grown

in germ-free conditions or disturbed with streptomycin [47, 48]. V. cholera also does

not cause a diarrheal infection in a mouse because it can survive and grow in the

mouse intestine without expressing the toxin coregulated pilus virulence factor [48].

Accordingly, human studies remain the gold standard for better understanding of

cholera risk and pathogenesis. Therefore, in the second chapter of this dissertation, I

collaborated with scientists and clinicians from the Massachusetts General Hospital

and the International Centre for Diarrhoeal Research to study patterns of gut mi-

crobiota in Bangladeshi individuals at high risk of cholera. This work was published

in The Journal of Infectious Diseases and highlights a novel application of machine

learning toward identifying associations of gut microbiome to cholera susceptibility

[49].

1.0.2 Colonization resistance through the lens of resource ecology

Diet remains to be known as the strongest driver of gut microbiome structure [50, 51,

52]. From birth through early childhood, sequential changes in diet explain specific

changes in microbial community assembly [53]. Sudden changes in diet can also

rapidly alter the bacterial content in the adult gut [54]. In the small intestines, the

host absorbs most of the simple carbohydrates resulting in low microbial biomass

and enrichment for fast growing bacteria [55, 56]. While in the colon, lower intake
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of microbiota-accessible carbohydrates from diet drives extinction of gut bacteria

over time [57]. This intimate relationship between diet and microbial composition

highlights the importance of nutritional resources for dictating which bacteria can

reside in the gut. These same processes by which diet influences community assembly

also influence colonization resistance.

Ecological theory supports the key role of diet in the process of colonization.

MacArthur and Levins [58] suggested that if species compete for limited resources

then the number of species in a community is bounded by the number of avail-

able resources. In a microbial community, each bacterial member therefore occupies

an ecological niche defined by the unique set of resources necessary for its growth.

Through this process of niche partitioning (or niche differentiation), resident bacteria

can therefore occupy distinct niches and coexist on a limited set of resources [59].

Exogenous bacteria are consequently unable to colonize a community which lacks

open and compatible ecological niches [60]. The ability of pathogens to colonize

in the gut can often be attributed to a burgeoning of ecological niches induced by

disturbances to the gut such as antibiotics [61]. Ecosystem engineering by manipu-

lating or constructing resource niches has therefore been central to engineering gut

microbiome for therapeutic purposes.

The leading tools for engineering gut microbiomes, probiotics and prebiotics, are

dependent on better understanding of interactions between nutrition and bacterial

colonization. Probiotics are supplements of live microbes that directly benefit the

host while prebiotics are microbiota-accessible foods that indirectly benefit the host

by supplanting growth or activity of certain gut bacteria [62]. Synbiotics is the de-

livery of a probiotic with a prebiotic that it favors or consumes resulting in a specific

synergistic effect [63]. Synbiotic approaches have successfully engrafted exogenous

bacteria in the gut. Kearney et al. [64] and Shepherd et al. [65] showed stable

engraftment of wildtype and engineered Bacteroides species in the murine gut in the
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presence of a preferred substrate (poryphoran polysaccharide in seaweed) which are

poorly utilized by native gut bacteria. In human, Bifidobacterium longum AH1206

stably persisted in individuals with low abundance of native B. longum and under-

representation of specific carbohydrate utilization genes [20]. These findings suggest

that establishment of a non-native bacteria depends on resource niche availability

which can be engineered a priori.

Predicting community structure and response to invaders based on available re-

sources and their allocation however remains to be an open problem. Recently, a

conceptual model, inspired by the stable marriage problem [66, 67], illustrated how

microbial competition for shared resources can result in multiple stable states of bio-

diversity [68]. In this model, community structure and dynamics is predicted simply

by the resource utilization preferences of its members and their competitive ability

for these resources. A limitation of this model is that it does not encode for resource

engineering by resident bacteria which has been documented in both host-associated

and environmental microbial communities. Golford et al. [69] demonstrated that

diverse microbiota from plant leaves and soil can grow on a single carbon substrate

such as glucose through non-specific metabolic cross feeding. Members of the Bac-

teroides genus, a common group in the gut, can cooperate through specific metabolic

cross-feeding [70, 71]. In the first chapter of this dissertation, I also identified po-

tential resource engineering by Paracoccus aminovorans that facilitates growth of

Vibrio cholerae in vitro [49]. Resource engineering by bacteria therefore creates new

niches that can be occupied by other members in a community. Models for predicting

community structure may therefore need to account for resource engineering.

Accordingly, there is a strong need for a microbial experimental system for testing

a conceptual model of community structure and dynamics based on nuanced pat-

terns of resource availability and allocation. Previous attempts have been modestly

successful but do not properly account for impact of resource ecology. Venturelli
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et al. showed that pairwise interactions of twelve gut bacteria are strong predic-

tors of higher-order assemblages [72]. However, these synthetic communities were

co-cultured in complex nutrient-rich media and metabolic profiles of mono-cultures

failed to predict community assembly. Community structure in these in vitro com-

munities may therefore be resource-independent. On the other hand, Friedman et al.

found that bottom-up approaches are also capable of predicting community struc-

ture in closely related soil bacteria [73]. Pairwise interactions were able to predict

three-species outcomes with an accuracy of 90% but unable to predict higher-order

assemblages of up to 8 species without incorporating additional information. How-

ever, mono- and co-cultures were grown in minimal media supplemented with two

carbon sources, glucuronic acid and serine, that can be utilized by any of the bac-

terial species in the study. These results accordingly may not be generalizable to

culture conditions where resources are not ubiquitously used.

Here, I propose synthetic bacterial consortium for modeling the impact of intri-

cate resource ecology on community structure of closely related members of the gut

microbiota. The ideal model would be amenable to complete profiling of the resource

ecology of its members, i.e. preferences and competitive abilities for many different

resources. Further, this model would allow for manipulation of community structure

and dynamics to test conceptual models of prebiotic and probiotic therapies, as de-

scribed for example by Goyal et al. [68]. Due to recent technical breakthroughs and

their relevance to the human gut microbiome, members of the Bacteroides genus are

an ideal model community for these purposes [74].

Bacteroides species dominate the gut microbiota of humans on a western diet

[75]. Dysbiosis of members of Bacteroides genus have also been associated with sus-

ceptibility to disease, as I have shown in the second chapter of this dissertation [49].

Within a single host, these members show remarkable co-localization in the intesti-

nal mucosa [76]. Yet, human-associated strains also exhibit interspecies antagonism
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through type VI secretion systems [77]. Patterns of coexistence of Bacteroides there-

fore remain incompletely understood. Each individual member however can encode

utilization loci for tens of different carbon substrates [78, 79, 80]. Therefore, I hypoth-

esize that resource partitioning and metabolic cooperation allow these Bacteroides to

coexist in nutrient-limited environments. Recently, Whitaker et al. [76] and Lim et

al. [81] developed platforms for high-throughput engineering of Bacteroides species.

Nonetheless, current approaches for profiling mixed cultures of Bacteroides are tech-

nically limited. A high-throughput rapid approach for inferring the composition of

mixed culture of Bacteroides is needed. In the third chapter of this dissertation,

I developed a high-throughput in vitro system for probing the impact of resource

ecology on the structure and dynamics of Bacteroides species. Further, I validate

this approach by testing for coexistence of Bacteroides species on a large panel of

carbon substrates.
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2.1 Abstract

Cholera is a public health problem worldwide and the risk factors for infection are

only partially understood. We prospectively studied household contacts of cholera

patients to compare those who were infected with those who were not. We con-

structed predictive machine learning models of susceptibility using baseline gut mi-

crobiota data. We identified bacterial taxa associated with susceptibility to Vibrio

cholerae infection and tested these taxa for interactions with V. cholerae in vitro. We

found that machine learning models based on gut microbiota predicted V. cholerae

infection as well as models based on known clinical and epidemiological risk factors.

A ‘predictive gut microbiota’ of roughly 100 bacterial taxa discriminated between

contacts who developed infection and those who did not. Susceptibility to cholera

was associated with depleted levels of microbes from the phylum Bacteroidetes. By

contrast, a microbe associated with cholera by our modeling framework, Paracoccus

aminovorans, promoted the in vitro growth of V. cholerae. Gut microbiota structure,

clinical outcome, and age were also linked. These findings support the hypothesis

that abnormal gut microbial communities are a host factor related to V. cholerae

susceptibility.

2.2 Introduction

Vibrio cholerae causes millions of cases of acute watery diarrhea every year, and

our understanding of susceptibility to the disease remains incomplete [82]. Cholera

transmission occurs in both endemic and epidemic patterns. In both instances, mul-

tiple symptomatic and asymptomatic V. cholerae infections within a household are

common [83, 84]. Transmission events within a household may occur through shared

sources of contaminated food and water or through fecal-oral spread [43, 44]. Obser-

vational studies have identified host factors that correlate with susceptibility to V.
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cholerae, including young age, blood group O status, variants in genes of the innate

immune system, and lack of pre-existing immunity [83, 84, 85, 86, 87]. Neverthe-

less, these risk factors only partially explain the variation in clinical outcomes seen

following exposure to V. cholerae [84, 85].

Human gut-associated bacterial communities (microbiota) may be another risk

factor for enteric infections, including cholera. A case-control study of children in

sub-Saharan Africa and southern Asia suggests that select bacterial taxa naturally oc-

curring in the gut are protective against Shigella-induced diarrhea, and pre-departure

microbiota sampled in travelers show that a specific microbial profile is associated

with risk of Campylobacter infection [39, 88]. Animal studies have identified potential

mechanisms by which commensal microbes might resist invading pathogens, includ-

ing competition for nutrients or sites of adherence [15, 89] and stimulation of host

epithelial cell defense [90, 91]. Co-colonization of gnotobiotic mice with V. cholerae

and Blautia obeum (formerly named Ruminococcus obeum) [92], a bacterial taxon

enriched in human gut communities recovering from cholera, disrupts Vibrio viru-

lence signaling pathways [16]. Further research on the relationship between human

gut bacterial communities and V. cholerae is likely to advance our understanding

of cholera pathogenesis and may lead to the development of novel interventions for

disease prevention.

To test the role of the gut microbiota in susceptibility to V. cholerae, we prospec-

tively evaluated household contacts of cholera patients in Dhaka, Bangladesh. This

cohort was uniquely designed to enable sampling of individuals prior to infection,

and we have previously used it to define clinical and epidemiological risk factors for

cholera [83, 84, 85, 93]. Here, we find that the baseline microbiota of household con-

tacts can be used to predict susceptibility to V. cholerae infection at least as well as

previously identified host risk factors. We also demonstrate an association between

gut microbiota structure, contact age, and susceptibility. Lastly, we experimentally
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validated an interaction between Paracoccus aminovorans and V. cholerae that was

predicted by our modeling framework. Our results illustrate a role for gut microbiota

in predicting V. cholerae susceptibility in humans.

2.3 Materials and Methods

2.3.1 Sample collection, cholera diagnosis, and 16S rRNA analysis

We enrolled households with an index case patient with cholera at the Interna-

tional Centre for Diarrhoeal Disease Research, Bangladesh (icddr,b), Dhaka Hospi-

tal. Households were located in an informal urban settlement with limited access

to clean water and sanitation. Index patients presenting to the hospital with acute

watery diarrhea were eligible for inclusion in this study if their stool culture was

positive for Vibrio cholerae O1 as the sole pathogen. Field workers discussed enroll-

ment with household contacts of cholera patients within 6 hours of presentation of

the index case. Cases and contacts were only enrolled if they were between 2 and

60 years of age, they resided in or around Dhaka, and they were without significant

comorbid conditions. Rectal swabs were collected daily from household contacts for

microbiological culture of V. cholerae. Three additional swabs on Day 2, 7 and 30

were collected for 16S sequencing as noted in Figure 2.1. Household contacts were

considered infected if any rectal swab culture during the observation period was

positive for V. cholerae, or if they experienced diarrhea (defined as three or more

loose stools during a 24-hour period) and developed a fourfold increase in vibriocidal

titer [83, 84]. We profiled the gut microbiota from rectal swab samples by extracting

DNA, amplifying for the V4 region of the 16S rRNA, and sequencing the gene library

using Illumina MiSeq. Sequences were quality filtered, reassigned to the sample of

origin, clustered into operational taxonomic units (OTUs) at 97% similarity using

UCLUST via QIIME, then assigned taxonomy by mapping against Greengenes 16S

reference database [40]. Further information on cohort enrollment, computational
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scripts, microbiological and serological assays are described in the Supplementary

Methods. Nucleotide sequences are available from the European Nucleotide Archive

under accession number PRJEB17860. Derived data and code is available online [94].

The study was approved by the Ethical Review Committee of the icddr,b and the

Institutional Review Boards of Massachusetts General Hospital and Duke University

Health System. Participants or their guardians provided written informed consent.

2.3.2 Predictive statistical modeling of outcomes

We applied multivariate logistic regression to the clinical and epidemiologic host fac-

tors known to influence susceptibility to cholera (Table 1), performed using Stata,

version 13.1 (Stata Corporation Inc., College Station, Texas). Classification (Fig-

ure 2.3) was performed using scikit-learn 0.17 in Python. In the “hold-out”

model, we partitioned the data into a training set of 48 samples and a testing set of

28 samples. We used a support vector machine (SVM) model that learns patterns

of relative abundance of OTUs and distinguished household contacts who develop

infection from ones who remain uninfected. We coupled the SVM to a recursive fea-

ture elimination (RFE) algorithm, which simplifies models and also increases their

accuracy by removing bacterial taxa that are not informative for predicting infectious

outcome [95]. For the “combined” model, linear SVM was applied to age, blood group

O status, vibriocidal antibody titer, and the OTUs selected by the microbiota-based

model. We followed an identical procedure in the “cross-validation” model using 30

replicates of tenfold cross-validation for a total of 300 unique testing subsets of the

data.

2.3.3 Spent supernatant culture experiments

P. aminovorans, Vibrio harveyi and V. cholerae were grown in 4mL of Luria-Bertani

(LB) broth and optical density of bacterial growth was measured by spectrophotom-
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etry at 600nm. Spent culture supernatant (SCS) was obtained after growth to an

optical density of 1.5, and cells were removed by centrifugation for 10 minutes at

10,000 x g, followed by filter sterilization (0.22m; Millipore). 50µl of overnight V.

cholerae culture was inoculated into 4ml P. aminovorans SCS, V. harveyi SCS, V.

cholerae SCS, and fresh broth, and cultured overnight. Growth of V. cholerae was

measured using spectrophotometry and colony counts. All experiments were con-

ducted in replicates of five, and replicated in brain heart infusion media and minimal

media. Anaerobes Ruminococcus obeum, Prevotella buccalis, Bacteroides ovatus and

Bacteroides uniformis were grown using an anaerobic environment (5% H2 and 10%

CO2 balanced with N2) in a vinyl anaerobic chamber (Coy Products) at 37°C. SCS

from stationary phase of growth in Gifu broth (Gibco) was used to conduct identical

V. cholerae growth experiments as described above, using anaerobically cultured V.

cholerae and fresh broth as controls. Further information on bacterial strains, con-

trols, media and experimental validation are listed in the Supplementary Methods.

GraphPad Prism 7 (GraphPad Software) was used for analysis.

2.4 Results

2.4.1 V. cholerae infection in household contacts of cholera patients

We prospectively evaluated 124 household contacts in 66 households that included

an index patient hospitalized with V. cholerae O1 infection in Dhaka, Bangladesh.

Household contacts were enrolled in 2 temporal cohorts (February 2012 December

2012 and February 2013 May 2014). There were no cholera cases enrolled in January

2013, since this is the low season for cholera and fewer cases occur during this time.

In each cohort, we collected demographic information and characterized blood group

on all household contacts upon enrollment, and then obtained rectal swabs, measured

vibriocidal titers, and took symptom histories over 30 days of follow-up (Figure 2.1).

We profiled the gut microbiota from rectal swab samples using 16S rRNA gene
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Figure 2.1: Study design for prospective observation of household con-
tacts of cholera patients. Index cases were hospitalized on day 1 with symp-
tomatic Vibrio cholerae O1 infection, and their household contacts were enrolled on
day 2. Daily clinical assessments and rectal swab sampling of household contacts for
V. cholerae culture were conducted during the observation period on days2 through
10 and day 30. On the day of enrollment, day 7 and day 30, vibriocidial antibody
titers were measured and rectal swabs for 16S rRNA gene sequencing was obtained.

sequencing.

A total of 76 household contacts formed our cohort for predicting cholera suscep-

tibility. We excluded 48 household contacts with missing data, those with microbio-

logic, genomic or clinical evidence of V. cholerae infection upon enrollment, or those

with recent antibiotic use from our predictive modeling. A total of 76 household

contacts therefore formed our cohort for predicting cholera susceptibility. Of these

76 household contacts, 22 (29%) developed V. cholerae infection during the follow-up

period and 54 (71%) household contacts were uninfected (Table 2.4.1). The average

age of household contacts was 26 years (range 4-60 years) and women comprised

63% (48/76) of the contacts. Additional demographics are listed in Table 2.4.1. Of
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Table 2.1: Demographic and clinical characteristics of 76 household con-
tacts of cholera patients. * Malnourishment is defined per World Health Organi-
zation anthropometric thresholds (see Supplementary Methods).

Characteristic Later infected Remain uninfected
Age in years, mean (range) 20 (5-60) 24 (4-50)
Ageď 10 years (%) 7 (32) 6 (11)
Female sex (%) 13 (60) 35 (65)
Blood group O (%) 8 (36) 9 (17)
Serotype Ogawa (%) 18 (82) –
Report of using soap after defecation (%) 12 (55) 30 (56)
Malnourishment˚ (%) 4 (18) 15 (28)
Baseline Vibriocidal titer 2.28 (1.95-2.9) 3.04 (2.68-3.44)

those household contacts who developed infection, 10 were symptomatic and 12 were

asymptomatic (i.e. no diarrhea). Symptomatic cholera led to significant changes

in gut microbial community structure that persisted through the 30-day follow-up

period, as we have previously observed (Figure 2.2) [40]. However, beta-diversity pat-

terns suggested that differences in the presence or absence of OTUs across infection

were compensated for by shifts in the abundance of related taxa. These changes sug-

gest modest resilience of the human gut microbiota in response to cholera-associated

diarrhea.

We created a multivariate logistic regression model using the known clinical and

epidemiological risk factors for cholera in our cohort to serve as a comparator for the

microbial predictive model described below (Table 2.4.1). This logistic regression

model did not yield statistically significant results, likely due to the small samples

size; however, the trends that we identified are consistent with findings from several

larger cohorts [84, 85] which have identified younger age, lower vibriocidal titer and

blood group O status as predictors of cholera among household contacts.
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2.4.2 Development of the machine learning model

We first tested whether microbiota-based models based solely on gut community

composition or specific OTUs could predict cholera susceptibility. Univariate sta-

tistical testing showed that none of the 4,181 unique OTUs in the cohort was in-

dividually associated with susceptibility (using false discovery rate [FDR]-corrected

Figure 2.2: Gut microbiota structure during infection and recovery. Eco-
logical distances occurring in uninfected, symptomatic, and asymptomatic household
contacts between day 2 and day 30 samples are shown. P-values were computed using
a two-sided Kruskal-Wallis testing. Significant differences during and after infection
were associated with presence-absence based distances (Unweighted Unifrac and Jac-
card), but not distances weighted by abundances (Weighted Unifrac). This suggests
that changes in the presence or absence of operational taxonomic units during symp-
tomatic cholera are compensated for by shifts in the abundance of related taxa.
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Table 2.2: Multivariate logistic regression model of clinical and epidemio-
logic risk factors for V. cholerae infection. The multivariate logistic regression
model was created using generalized estimating equations, with P values adjusted
for clustering based on household. The final model was based on forward selection
with a predetermined cutoff criterion of P ă 0.2 for inclusion. Malnourishment did
not meet the predetermined criteria for inclusion in the model. *Vibriocidal titers
are log transformed and matched to the serotype of the household cholera case. The
odds ratio represents the risk of V. cholerae infection per doubling of vibriocidal
titer. **Malnourishment was defined per World Health Organization anthropomet-
ric thresholds.

Characteristic Univariate
Odds Raio P Multivariate

Odds Ratio P

Ageď 10 years 3.70 (1.1-13) 0.04 3.40 (0.88-13) 0.08
Blood group O 2.90 (0.93-8.8) 0.07 2.90 (0.93-8.8) 0.06
Baseline vibriocidal titer˚ 0.68 (0.46-1.0) 0.06 0.7 (0.47-1.0) 0.09
Malnourishment˚˚ 0.58 (0.17-2.0) 0.37 – –

two-sided Mann-Whitney U test). V. cholerae infection status was not associated

with differences in alpha diversity as measured by species richness, Shannon Index or

evenness across time or infection status (Pą0.05, two-sided Mann-Whitney U test),

at baseline and over the 30-day follow up period. Alpha-diversity metrics also did

not differ between contacts with symptomatic and asymptomatic infection. Princi-

pal coordinate analysis (PCoA) and permutational multivariate analysis of variance

(PERMANOVA) of gut microbiota performed using all 4,181 OTUs showed no quali-

tative distinction in community structure between infected and uninfected household

contacts. These findings indicate that simple microbiota-based models were unable

to predict cholera susceptibility.

In contrast to our findings with simple microbiota-based models, we found that a

machine learning model successfully predicted cholera susceptibility when applied to

the microbiota data (Figure 2.3). We used a hold-out approach that took advantage

of the recruitment of study households during two distinct time periods. The model

was initially trained using the set of household contacts recruited during the first
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Figure 2.3: Predictive model performance. (A) Hold out models were trained
on an initial set of 48 household contacts and tested on a set of 28 household contacts
recruited at a later date. Model goodness was assessed using area under the curve
(AUC) scores. We evaluated models built using clinical and epidemiological factors
(Clinical, AUC=0.60; P=NS), relative abundance of OTUs (Microbiota, AUC=0.80;
Pă0.01), or a combination of these data types (Combined, AUC=0.81; P¡0.01). P
values were computed with permutation tests. TPR: true positive rate, FPR: false
positive rate. (B) The same set of models was tested using a cross-validation scheme,
in which contacts were repeatedly split into training and testing sets. AUC scores are
shown as a function of OTUs included in the model. Bold lines represent the mean
cross-validated AUC and shaded bands represent the standard error of the mean.
Microbiota-based model reached maximum performance at 88 OTUs (AUC=0.74;
Pă0.01). The dashed gray lines in (A) and (B) indicate theoretical performance of
a model randomly guessing contact susceptibility.

time period (36 uninfected contacts and 12 infected contacts, recruited February

2012 December 2012). We then tested the model on data from the second set of

household contacts recruited later using the same protocol (18 uninfected contacts

and 10 infected contacts, recruited February 2013 May 2014). In this approach, we

considered the second hold-out temporal cohort as an independent validation of the

first. Receiver operating characteristic curves showed that the SVM-RFE model built
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with microbiota data accurately predicted the clinical outcome among household

contacts exposed to V. cholerae (Figure 2A), and outperformed SVM-RFE models

built with known clinical and epidemiologic risk factors for cholera (area under the

curve [AUC]=0.80; Pă0.01). The optimal microbiota model used a limited set of 143

OTUs out of the full set of 4,181 OTUs as input features. The combined model using

both microbiota and clinical data did not lead to improved performance (Pą0.05,

two-sided Mann-Whitney U test on distribution of AUCs).

We performed additional testing to evaluate if predictive performance could be

generalized to other groupings of the household contacts or model formulations.

Performance of the microbiota model was not reliant on inclusion of young children,

who are most susceptible to cholera, as it remained predictive even after exclusion

of household contacts who are 10 years and younger (AUC=0.87; Pă0.01). We

next tried constructing the SVM-RFE model using random separations of household

contacts into training (90% of samples) and testing (10% of samples) sets. Using this

cross-validation scheme, the SVM-RFE model again accurately classified household

contacts by clinical outcome (Figure 2.3). A limited set of OTUs was required in the

optimal cross-validation model (88 OTUs). The performance of the SVM-RFE model

deteriorated below the clinical and epidemiological model with the inclusion of fewer

(26 or less) or more (500 or more) OTUs. This likely occurred because the inclusion of

OTUs unrelated to cholera susceptibility degrades model performance [96], while the

inclusion of too few predictive OTUs cannot account for variation between contacts

[75]. An SVM-RFE model constructed using only presence or absence of OTUs also

predicted cholera susceptibility (AUC=0.71; Pă0.01). Lastly, microbiota models

built using variations to the classification algorithm still accurately predicted clinical

outcome among household contacts (Figure 2.4).
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Figure 2.4: Post-hoc benchmarking of alternative machine learning mod-
els. Cross-validated AUC scores are shown as a function of the number of included
operational taxonomic units (OTUs) for models that vary by data transformation,
feature scaling, and classification algorithm. Data were first either transformed by
computing the square-root or logarithm base-10 of the relative abundance of OTUs.
Distribution of the transformed relative abundance of each OTU was then either
scaled between a fixed range of 0 to 1 by subtracting the minimum value of the dis-
tribution then dividing by its maximum value (MinMax Scaling), or to a standard
normal by centering its mean to zero then dividing by its variance (Standard Normal
Scaling). After data transformation, we coupled recursive feature elimination (RFE)
to one of three different classification algorithms: Support Vector Machine (Linear
SVM), logistic regression that forces most model coefficients to be small using a
penalty based on the Euclidean length of their values (Ridge regression), and logistic
regression that shrinks most model coefficients to zero using a penalty on the sum of
their absolute values (LASSO Regression).
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2.4.3 Characteristics of predictive bacterial taxa

To learn more about specific bacterial taxa that influenced susceptibility to V.

cholerae in our study population, we investigated the characteristics of the subset of

gut microbes selected by our SVM-RFE algorithm. The optimal number of OTUs

selected by our cross-validated SVM-RFE model was 88; to account for possible in-

accuracies when identifying taxa that predicted cholera susceptibility, we selected a

slightly larger set - the top 100 OTUs - and built an SVM-RFE model using the

full cohort of 76 household contacts. We term these 100 OTUs the ‘predictive gut

microbiota’ (Supplementary Table 2 in [49]). PCoA based on the 100 predictive gut

microbes demonstrated distinct community structures in the infected and uninfected

household contacts (Figure 2.5).

Taxa from the predictive gut microbiota could be split into two groups based on

whether their model coefficients were positive (i.e. “infected-associated”) or nega-

tive (i.e. “uninfected-associated”). At the individual taxonomic level, the two groups

showed differences in mean relative abundances and prevalence between the infected

and uninfected household contacts (Figures 2.5 and 2.6; Supplemental Table 2 in

[49]). Univariate logistic regression showed statistically significant effect sizes for

some of the top predictive OTUs (Supplemental Table 2 in [49]). Members of the

Bacteroidetes phylum were particularly enriched among uninfected-associated taxa

(Pă0.05, FDR-corrected binomial test) and consisted primarily of OTUs from the

genus Prevotella, which are commonly observed in the human gut microbiota in

healthy Bangladeshis [40]. Several taxa, including from the genera Blautia and Ru-

minococcus were present in both uninfected- and infected-associated OTUs in the

predictive gut microbiota (Figure 2.5). Lastly, three infection-associated taxa be-

longed to the genus Streptococcus, which we previously found enriched in the gut

microbiota of symptomatic cholera patients [40].
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Prevotella copri     [180825] 

Prevotella sp.    [333042] 

Bacteroides ovatus  [4256470] 
Prevotella copri    [292041] 

Bacteroides uniformis     [328617] 
Prevotella sp.  [1028283] 

Prevotella copri     [292921] 
Bacteroidales sp.  [4310223] 

Prevotella sp.    [300859] 
Prevotella sp.      [76393] 

Prevotella sp.    [227285] 

Prevotella stercorea   [4307092] 
Ruminococcus sp.  [4375860]

Blautia sp.    [299302]
Blautia sp.    [196724]

[329693]    Prevotella copri 
[3384047]  Streptococcus sp.
[3678349]  Streptococcus sp.

[4302049]  Streptococcus sp.

[190991]    Blautia sp.
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Figure 2.5: Abundances of predictive gut microbiota in protected and
infected contacts. Slope graphs are separated into operational taxonomic units
(OTUs) with negative model coefficients (“protection-associated” left panel) and
positive model coefficients (“infection-associated”, right panel). Each gray line de-
picts one OTUs mean abundance in protected or infected contacts. Members of the
Bacteroidetes phylum (highlighted in green) were over-represented among predictive
gut microbiota (Pă0.05, false discovery rate-corrected binomial test); members of
the genus Streptococcus (highlighted in red) have previously been associated with
early stages of cholera [40]; and, members of the genera Blautia/Ruminococcus (high-
lighted in blue) have been previously associated with protection from V. cholerae in
mice [16].
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Figure 2.6: Predictive gut microbes are differentially abundant between
the infected and uninfected cohorts. (A) For each predictive OTU, we plot the
base 10 logarithmic-ratio (log-ratio) for the prevalence and mean relative abundance
of infected-associated OTUs (red) and uninfected-associated OTUs (blue). Log-
ratios are computed with the infected and uninfected cohorts as the numerator and
denominator, respectively, after adding pseudo-counts of 1 and 1e-6 to prevalence
and mean relative abundances respectively. OTUs that exhibited the largest fold
difference in mean relative abundance are highlighted with arrows. Bar plots show
the (B) prevalence and (C) mean relative abundance of each of these highlighted
OTUs. Dots overlaid on bar plots correspond to the relative abundance of OTUs
from each household contact. In all panels, numbers indicate the GreenGenes ID of
representative 16S rRNA gene sequences and pseudo-count of 1e-6 was added to all
relative abundances.

2.4.4 Relationship between gut microbiota structure and age

We next tested for links between the predictive gut microbiota and previously iden-

tified risk factors for cholera. At the community level, older individuals had greater

gut microbiota richness (Spearman’s rho=0.26, P=ă0.05) and the predictive gut

microbiota was associated with age (R2=0.024, Pă0.05, PERMANOVA). At the

individual taxonomic level, 2 predictive OTUs (members of the genus Clostridium
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and the family Lachnospiraceae), were enriched in younger contacts (Pă0.05, FDR-

corrected two-sided Mann-Whitney U test; Supplemental Table 3 in [49]), and 4

clusters of predictive OTUs were significantly associated with age (Pă0.05, FDR-

corrected two-sided Mann-Whitney U test; Supplemental Table 3 in [49]). Addi-

tionally, an SVM-RFE model that included both microbiota and age (AUC=0.75,

Pă0.01, classification permutation test) ultimately discarded age as a model feature,

suggesting that gut microbial communities and age encode redundant information.

2.4.5 Association between microbes of interest and V. cholerae

We performed in vitro experiments using several members of the predictive taxa

(Figure 3) and a second group of taxa identified in a preliminary model of subjects

recruited during the first enrollment period (Supplemental Table 4 in [49]). This

preliminary model included subjects with evidence of V. cholerae infection at en-

rollment, distinct from the models identified the predictive taxa. We focused our

investigations on organisms for which acquisition of a representative isolate was pos-

sible. Spent culture supernatant (SCS) from predictive taxa including R. obeum, B.

ovatus, B. uniformis and P. buccalis (closely related to the predictive taxa P. copri)

was not found to influence V. cholerae growth or biofilm production. V. cholerae

growth was significantly increased when inoculated into Paracoccus aminovorans

SCS in either nutrient-rich media, but not in minimal media, as measured by optical

density and by colony forming units (Figure 2.7A and 2.7B), data for LB experiments

is shown, Pă0.001, two-sided Mann-Whitney U test). Because we noted bacterial

agglutination during the V. cholerae and P. aminovorans co-culture, we hypoth-

esized that V. cholerae biofilm production may be stimulated by P. aminovorans

SCS. To evaluate this, we measured biofilm production of V. cholerae in the setting

of P. aminovorans SCS and used as a control a V. cholerae strain with an in-frame

deletion in the vpsA (Vibrio polysaccharide A) gene, which results in reduction of

26



biofilm production [97, 98]. There was no difference between biofilm production of

V. cholerae in the presence of P. aminovorans SCS.

Figure 2.7: Vibrio cholerae growth in the presence of Paracoccus
aminovorans cell-free spent culture supernatant (SCS). (A) V. cholerae
demonstrated increased growth in SCS of P. aminovorans. The first initials on the
x-axis represent the cultured organism grown in the SCS from the organism repre-
sented by the second set of initials, or in fresh media. PA: P. aminovorans, VC:
V. cholerae, VH: Vibrio harveyi, a control organism, LB: Luria-Bertani broth. (B)
Colony forming units (CFU) of V. cholerae grown in SCS and LB broth. Median
with interquartile range is shown. P values are based on a two-sided Mann-Whitney
U test.

2.5 Discussion

More than one billion people are at risk of cholera in developing countries, and

cholera has become more geographically widespread in recent years. An improved

understanding of susceptibility to disease will support the design of better prevention

strategies for cholera. Here, we used a prospective human study to show that the

gut microbiota is associated with susceptibility to V. cholerae infection. This is

consistent with the emerging understanding that the gut microbiome is an active

determinant of outcomes after pathogen exposure [15, 89, 90, 91].

Our models found cholera susceptibility to be characterized by depletion of bac-
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teria normally found in healthy contacts and by increased levels of less common

microbes. These findings are consistent with the hypothesis that resident microbes

in healthy contacts may resist V. cholerae [16], while normally rare bacteria can be

associated with microbiota disturbance [99]. Members of the phylum Bacteroidetes,

including ten OTUs from the genus Prevotella, were among the specific taxa that our

machine learning models identified in uninfected household contacts. This finding is

consistent with prior studies showing that Prevotella dominate the gut microbiota

of healthy individuals in developing countries [25, 40]. By contrast, some bacterial

taxa identified within our predictive microbiota were surprising. For instance, we

observed that members of the Enterobacteriaceae taxa were associated with both

uninfected and infected subjects with V. cholerae. Other reports have determined

that this family is enriched during enteric infection and have suggested that gut bac-

teria are more likely to enable colonization of phylogenetically related organisms; we

therefore anticipated that this family might be more common in infected household

contacts [25, 40]. Additionally, the several taxa we linked to the genus Blautia and

Ruminococcus were present among both uninfected- and infected-associated OTUs.

A recent in vitro study found that B. obeum (formerly Ruminococcus obeum) can

inhibit V. cholerae virulence [16]. These discordant observations may be due to

functional heterogeneity between bacterial OTUs within the same genus. Indeed,

model performance degraded when we classified cholera outcomes using data from

the species or genus levels; this has been noted previously in microbiota studies that

used machine learning tools [100].

We confirmed the biological validity of our machine learning model of cholera

susceptibility through study of P. aminovorans, a bacterial species identified in the

microbiota of infected household contacts. P. aminovorans is a Gram negative non-

motile aerobe previously reported to be abundant in the skin microbiota of individu-

als with rash associated with Haemophilus ducreyi infection [101]. We observed that
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exposure to P. aminovorans increased growth of V. cholerae in nutrient rich media,

but not in nutrient poor media. This finding suggests that metabolites made by P.

aminovorans in nutrient rich environment may provide a substrate for V. cholerae

growth. Other commensal bacterial have been shown to facilitate pathogen growth in

mice through metabolite generation or through reduction of reactive oxygen species

[102, 103].

In addition to directly influencing V. cholerae pathogenesis, predictive taxa iden-

tified by our models may also reflect physiological determinants of cholera suscepti-

bility. Older age and pre-existing immunity to V. cholerae are well-known protec-

tive factors for cholera among household contacts [83, 85]. Recent studies suggest

that gut microbes may serve as a sensitive biomarker of host maturity, including

in Bangladeshi infants [104]. Here, we observed that the gut microbiota in our co-

hort varied with age, demonstrating both alpha- and beta-diversity differences. In

addition, four OTUs from our predictive gut microbiota (Dialister succinatiphilus,

Prevotella copri, Ruminococcus gnavus, and Weissella cibaria; Supplemental Table

3 in [49]) were previously shown to change during childhood among Bangladeshi

youth [105]. Lastly, our machine learning results suggest age and microbiota data

encode similar information regarding outcomes to V. cholerae exposure. These find-

ings together support the concept that the gut microbiota reflects the developmental

status of individuals in our cohort. More broadly, our results are consistent with the

model that gastrointestinal maturity influences susceptibility to enteric diseases like

cholera.

Our study has limitations. We assessed rectal swab samples that likely represent

microbiota from the lumen of the large intestine. The composition of these rectal

swab samples may differ from the microbes that live on or near the gut mucosa

[106]. Furthermore, after ingestion and passage through the stomach, V. cholerae

adheres to the small intestine, and this is where V. cholerae is immunologically
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and metabolically active [107, 108]. The small intestine has lower pH and higher

oxygen tension, and harbors a gut microbiota structure distinct from the colon.

Further investigation of the relationship between the small bowel microbiota and the

OTUs identified in our rectal swab samples may indicate which bacterial species are

most likely to interact with V. cholerae. Our study also does not establish a causal

relationship between the gut microbiota and in vivo V. cholerae susceptibility. The

P. aminovorans used in our experiments was an ATCC strain and the genomic

relatedness between our tested strain and ones from Bangladeshi study participants

is not known. Future work could isolate strains from cholera patients, as well as test

the influence of these taxa on V. cholerae in the context of multi-species interaction

experiments, which likely better resemble gut microbial communities. The predictive

microbiota we identified could also be a marker for another factor responsible for

increased susceptibility to V. cholerae, such as a nutritional deficiency, environmental

enteropathy, or surreptitious antibiotic use, which is common in Bangladesh [109].

2.6 Supplementary Methods

2.6.1 Cohort enrollment and data collection

An index case patient was defined as the first person from one household who had

acute, watery diarrhea requiring hospitalization with a stool culture positive for

V. cholerae. Only one index case patient per household was enrolled. Household

contacts were defined as individuals who shared a cooking pot with an index patient

for the 3 days prior to enrollment.

Rectal swab samples were obtained from household contacts starting the day

after enrollment of the index case and were transported on ice in Cary-Blair media.

Our study design included collection of two different sets of rectal swab samples.

One set of rectal swabs and clinical data, including report of diarrhea, were collected

from household contacts during daily home visits during the observation period of
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days 2 through 10 and used for classification of clinical outcomes. A second set

of rectal swabs were collected on days 2, 7, and 30 for 16S rRNA gene sequencing

for profiling the gut microbiota. Infection status was determined using rectal swab

samples (collected daily days 2 through 10), serologic data, and report of symptoms

collected during the observation period. Rectal swabs collected for 16S rRNA gene

sequencing were placed on ice and immediately transported to the icddr,b, where they

were stored at °C. Rectal swabs were shipped on dry ice to Massachusetts General

Hospital and then to Duke University for DNA extraction and performance of 16S

sequencing. Blood samples were collected from contacts at the International Center

for Diarrheal Disease Research, Bangladesh on days 2, 7, and 30.

Malnutrition was evaluated in children and adolescents at the time of enrollment

(defined by the World Health Organization [WHO] as ă 19.5 years of age), and

defined as height-for-age z score ă 2 (children ă 5 years of age) or age-and-sex

adjusted- body mass index z score ă 2 (adolescents 5-19 years old) in agreement with

WHO anthropometric measurements for different age thresholds [110]. For children

ą 5 years old, z scores were calculated by using AnthroPlus software (WHO, Geneva

2009; http://www.who.int/growthref/tools/en/). In adults defined as individuals ą

19.5 years of age, malnutrition was defined as a body mass index ă 18.5 in accordance

with WHO standards [111] .

2.6.2 Classification of outcomes and cohort exclusions

Symptomatic V. cholerae infection in household contacts was defined as report of di-

arrhea within 3 days of a rectal swab positive for V. cholerae or a four-fold increase

in vibriocidal titer with report of diarrhea during the follow up period. Asymp-

tomatic infection was defined as V. cholerae positive rectal swab without report of

diarrhea. All enrolled contacts with infection had the same serotype of infection

as the infected household case (either Inaba or Ogawa). Of 124 enrolled household
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contacts, we excluded 18 from the analysis who had a positive rectal swab at the

time of enrollment. Nine contacts could not be classified due to ambiguous clinical

outcomes (i.e. diarrhea without serologic or culture-proven evidence of infection).

We excluded an additional 3 household contacts who reported antibiotic use during

the week prior to enrollment, 6 with diarrhea during the week prior to enrollment,

and 10 household contacts with positive 16S evidence of V. cholerae (although rec-

tal swab was negative at the time of enrollment). An additional 2 contacts were

excluded due to lack of amplification of rectal swabs or sequencing failure.

2.6.3 Microbiologic and serological assays

Rectal swab specimens were inoculated for enrichment in alkaline bile peptone broth

and on taurocholate-tellurite-gelatin agar and incubated overnight. Suspect colonies

were confirmed by the slide agglutination method using specific monoclonal anti-

bodies [112]. Vibriocidal antibody responses were measured as previously described

[113]. The fold-increase of vibriocidal titer was calculated between days 2 and 7,

days 2 and 30, and days 7 and 30.

2.6.4 Bacterial strains and media

The V. cholerae O1 El Tor Inaba strain from Bangladesh (PIC018) was used for V.

cholerae growth experiments. Paracoccus aminovorans was purchased from ATCC

(49632) [103] and Vibrio harveyi strain BB120 was used as a control, provided by

Wai-Leung Ng (Tufts University), chosen because this strain also grows at 30°C.

All strains were grown in Luria-Bertani (LB) broth from glycerol stocks stored at

-8°C and incubated at 30°C with agitation. Supernatant was prepared by grow-

ing bacteria to an optical density of 1.5 and pH of all supernatants was measured

and found to be between 7.1-7.3. Minimal media consisted of 200mL 10x M9

salts supplemented with 1% casamino acids, 2ml 1M MgSO4, 20ml 20% glucose,
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100ul 1M CaCl2, 500ul 1% thiamine, and adjusted to 1000ml with distilled, ster-

ile H2O. The V. cholerae strain PW1289 with an in-frame deletion in the vpsA

(Vibrio polysaccharide A) gene was provided by Dr. Paula Watnick (Harvard Uni-

versity) for use as a control in biofilm experiments. The vps operon encodes for

the polysaccharide component of the V. cholerae biofilm, and a mutation in vpsA

results in significant reduction of biofilm production [97]. Ruminococcus obeum was

purchased from ATCC (29174). Prevotella buccalis and Bacteroides uniformis were

isolated from stool of a healthy Bangladeshi human donor. Bacteroides ovatus was

isolated from a healthy American human donor. DNA was extracted from iso-

lates with UltraClean DNA Purification Kit (MoBio Laboratories), the 16S gene

amplified with universal 8-27F (5‘-AGAGTTTGATCCTGGCTCAG-3’) and 1512-

1429R (5‘-ACGGYTACCTTGTTACGACTT-3’) primers, amplicons were purified

with QIA Quick PCR Purification Kit (Qiagen), and sequenced with Sanger sequenc-

ing (Eton BioScience Inc., San Diego, CA). Taxonomic identity of the isolates was

then established by Basic Local Alignment Search Tool search (National Center

for Biotechnology Information).

2.6.5 Biofilm assays

We grew V. cholerae PIC018 and the vpsA biofilm knockout strain PW1289 in 200l

of LB in a 96-well plate without agitation at 30°C for 48 hours with and without

30% filtered SCS from the bacterial taxa of interest (P. aminovorans, P. buccalis, R.

obeum, B. uniformis, and B. ovatus) in either LB or Gifu broth depending on growth

requirements. Empty wells, wells with LB only, wells with LB + 30% spent super-

natant and LB + 30% fresh Gifu broth only served as controls. Crystal Violet 0.1%

solution was used to stain for biofilm adherent to the well. Biofilms were dissolved

in ethanol and the optical density was measured at 595nm using spectrophotometry.

Experiments were performed in replicates of four to twelve.
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2.6.6 Processing of bacterial 16S rRNA and microbial analysis

We have previously demonstrated that rectal swab samples approximate 16S se-

quence results from stool samples in this population [40]. Bacterial DNA was iso-

lated from rectal swabs with the PowerSoil DNA extraction kit (MoBio Laborato-

ries). Published protocols and custom barcoded primers were used to amplify, clean,

and sequence the V4 region of bacterial 16S rRNA on Illumina MiSeq [114]. Raw

sequence data was then processed using QIIME version 1.8.0 [115]. Overlapping

150-base paired ends were joined with fastq-join via join paired ends.py. Op-

erational taxonomic units (OTUs) were selected at 97% sequence similarity against

the Greengenes references database (version 13 8) [116] and assigned taxonomy based

on the alignment of a representative sequence in Greengenes. Using this method, we

determined a median of 37,958 mapped reads per sample. We applied total sum

normalization to counts of OTUs of each sample.

We evaluated within-sample (alpha) diversity of the gut microbiota using mea-

sures of richness (number of unique OTUs), Shannon index (a measure of relative

abundance and evenness of OTUs in a population), and Shannon’s equitability (Shan-

non index divided by total diversity) using the alpha diversity.py script in QIIME

[115]. The community structure of samples were compared with Jaccard, Bray-Curtis

dissimilarity, and Unifrac distances and analyzed with Principal components analy-

sis (PCoA) using the beta diversity.py and principal coordinates.py scripts

in QIIME [115]. We then evaluated the association of microbial community structure

to infection outcome and known clinical and epidemiological risk factors with permu-

tational multivariate analysis of variance analysis (PERMANOVA)using R (version

3.3.1) and the Adonis function in the R package vegan (version 2.4-1). For all

PERMANOVA tests, we considered the random effects of gender, household mem-

bership, and sequencing batch, and the fixed effects of clinical outcome, age (less
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than or equal to ten years), blood group O status, and baseline vibriocidal antibody

titer, and significance values were computed over 10,000 permutations.

We have previously developed a clustering approach for identifying groups of mi-

crobes responding to a common stimulus [40]. We applied this approach for clustering

the predictive gut microbiota. Our clustering approach identified groups of microbes

using pairwise correlations between OTUs that were estimated with SparCC [117]

and a pairwise dissimilarity matrix was computed as (1-correlation). Subsequently,

we performed clustering on the dissimilarity matrix with the linkage function in

SciPy and a distance threshold of 0.90.

2.6.7 Statistical modeling based on host and microbial factors

In both multivariate logistic regression and classification models, vibriocidal anti-

body titers were log10 transformed and matched to the V. cholerae serotype of the

household case (either Inaba or Ogawa). For classification, the distribution of each

variable was transformed to a standard normal by centering its mean to zero and

dividing by its variance in the training set. Each variable in the testing set was also

standardized in a similar fashion using its means and variances in the correspond-

ing training set. Cross-validated models were based on 30 replicates of stratified

tenfold cross-validation. In the machine learning model, our analytic pipeline for

classification with linear support vector machine with recursive feature elimination

(SVM-RFE) was implemented in Python 2.7.3 with the packages of scikit-learn

0.17, numpy 1.10.4, and pandas 0.17.01. To avoid model overfitting, we removed

OTUs that were present in ă10% of the samples of the training set. We performed

base-10 logarithmic transformations on the relative abundance of OTUs to improve

detection of associations of microbiome data [36]. We then transformed the relative

abundance distribution of each OTU to standard normal by centering its mean to

zero and dividing by its variance in the training set [36]. Subsequently, each feature
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in the testing set was standardized in a similar fashion using the features corre-

sponding means and variances in the training set. Features were removed based on

coefficients estimated with SVMs applied on the training set. This step was repeated

and removed 10 OTUs at each step until 500 OTUs remained in the data set.

2.6.8 Statistical significance testing of predictive models

The significance of each predictive model was evaluated with classification permuta-

tion testing. For each classifier, 100 random models were built from the same input

data (feature matrix) with the class labels (i.e. infected or uninfected) randomly

permuted amongst the samples. We then constructed an empirical distribution of

area under the curve measurements (AUCs) for the random models. Significant p-

values for each classifier were computed as the proportion of AUCs in the empirical

distribution of random models equal to or larger than the AUC of the classifier. To

test for significant differences between the performance of the microbial and com-

bined models, we applied a two-sided Mann-Whitney U-test on the distribution of

AUCs from all cross-validated instances of the microbial model at 88 OTUs and all

cross-validated instances of the combined model at 83 OTUs.
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3

Coexistence of Bacteroides species on single
carbon substrates

3.1 Introduction

Members of the Bacteroides genus are central to human health. These obligate

anaerobes live and grow almost exclusively in the gut of mammals [118]. As com-

mensals, they develop long-term stable associations with their human hosts [119].

Aberrations in their abundances, as I have previously shown, are strongly associated

with disease [49]. Our incredible knowledge about the biochemistry, ecology, and

genomics of human gut microbiota have been transformed by investigations of these

genetically tractable bacteria [74]. Remarkably, these bacteria show opposing exam-

ples of ecological interaction. Strong evidence suggests that Bacteroides cooperate

through specific metabolic cross-feeding [70, 71]. However, they also encode for Type

VI secretion systems including specific toxins which target related species [77]. The

balance of competition and cooperation amongst Bacteroides therefore remains an

open question. These dueling ecological phenotypes by Bacteroides however makes

them an ideal organism for studying colonization in the gut.
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Tools for studying and engineering Bacteroides are available but limited. High-

throughput platforms for engineering its species have been recently developed [74,

76]. Genomic and metabolic studies of these bacteria have also revealed that each

species encodes for tens of polysaccharide utilization loci [7, 79, 80]. Investigations

of the ecology of these bacteria however have been limited to studying only pairs

of Bacteroides at a time [70, 71]. Microbial communities however exhibit emergent

phenotypes that may only be revealed in higher-order assemblages [68, 69]. One of the

main limitation to studying complex communities of bacteria is measurement assays.

The gold standard for measuring the relative abundance of a microbial community

remains to be 16S rRNA gene amplicon sequencing. However, the time and cost

requirements for this method limits the number of conditions and treatments that

can be tested. A rapid and high-throughput approach for measuring abundance of

Bacteroides in mixed community would enable investigation of how these species

interact in a complex community.

Here, I demonstrate a flow cytometry-based approach for inferring the relative

abundance of a complex community of Bacteroides. I showcase the utility of this

approach by testing for cooperation and competition between multiple Bacteroides

species. Based on previous evidence [70, 71], I hypothesized that cooperation would

be a more dominant behavior than competition. Further, I tested whether carbo-

hydrate utilization assays for individual Bacteroides species can predict outcomes of

mixed cultures of theses species.

3.2 Results

3.2.1 Strain level distinction of Bacteroides species

Members of the Bacteroides genus are prevalent in the human gut. Recently, six

Bacteroides species were encoded with a combination of one of three GFP levels

and one of two mCherry expression levels [76]. I acquired these six strains form
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the Sonnenburg lab at Stanford University (Table 3.4.2). Strain level differentiation

in a mixed community of these Bacteroides can be accomplished using fluorescence

microscopy with high accuracy [76]. Here, I demonstrate a more rapid and high-

throughput approach for inferring relative abundance of these species in a mixed

community using multi-color flow cytometry. Mono-cultures of Bacteroides were

prepared and processed using flow cytometery as described in Methods. Scatter,

GFP, and mCherry measurements were acquired for each species. These charac-

teristics were filtered and overlaid in bivariate plots of fluorescence for qualitative

evaluation. Each Bacteroides species was characterized by a unique cluster of events

that can be qualitatively distinguished from other species (Figure 3.1). However,

GFP signal for B. ovatus and B. uniformis significantly overlapped with signals for

B. eggerthii and B. fragilis, respectively. Because both GFP and mCherry need oxy-

gen to fold, longer maturation time in atmospheric air diverged these clusters and

improved signals; Clusters for B. theta and B. vulgatus have higher GFP signal with

overnight maturation (Figure 3.2C) then „4-6 hours of maturation (Figure 3.1). Fi-

nal protocols therefore dictate overnight fluorophore maturation of cultures at 4°C

before flow cytometry processing. Nonetheless, to simplify model development, I

only use B. eggerthii, B. fragilis, B. theta, and B. vulgatus for downstream method

development. In the future, I will evaluate the feasibility of expanding this assay to

include B. ovatus and B. uniformis.

3.2.2 Carbohydrate utilization by Bacteroides species

Resource utilization assays have previously been applied for gut bacteria [120]. Here,

I assay four Baceroides species for utilization of 19 carbohydrates commonly used

for culturing gut bacteria and easily acquired in laboratory-grade powders or solu-

tions (Table 3.4.3). These mono- and poly-saccharides accordingly represent common

carbon sources accessible to microbes in the human gut. Although dietary monosac-
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Figure 3.1: Fluorescence profiles for six engineered Bacteroides species
exhibit unique signatures. Mono-cultures for each Bacteroides were grown and
processed for flow cytometry as described in Methods. Cultures were incubated in
atmospheric air at 4°C for „4-6 to allow for fluorophore maturation. Flow cytometry
measurements for mono-cultures were visualized with bivariate kernel density estima-
tion using Seaborn 0.8.0 package in Python 2.7.13. Analysis was performed on
10,000 randomly sampled events from each population. Fluorescence profiles based
on signal areas for GFP and RFP were then overlaid in the same plot. Colors code
for different species; Black: B. eggerthii ; Red: B. fragilis ; Orange: B. ovatus ; Blue:
B. uniformis ; Green: B. theta; and Yellow: B. vulgatus. GFP-A: Green Fluorescent
Protein-Area; and RFP-A: Red Fluorescent Protein-Area.

charides are absorbed by the host in the small intestines, residual amounts of these

sugars can reach the large intestines and their monomers are byproducts of extracel-

lular polysaccharide breakdown by gut bacteria [121].

Mono-cultures of Bacteroides species were prepared for these assays as described

in Methods. Briefly, mono-cultures were passaged once in rich media and once in min-

imal idea. Then, mono-cultures were grown in minimal medial supplemented with

a single carbohydrate for 48 hours. Growth was then measured using absorbance

spectrophotometry (i.e. optical density). Carbohydrate-specific total growth on all

species was not associated with sugar type, i.e. monosaccharide vs polysaccharide
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A

B

C

Figure 3.2: Simultaneous detection of four Bacteroides species using flow
cytometry. Mono-cultures were incubated in atmospheric air at 4°C overnight
(„16 hours) to allow for fluorophore maturation. (A) GFP and (B) RFP distri-
butions delineate linear boundaries for separation of sub-populations at 525 V. (C)
Flow cytometry population for mono-cultures were visualized with bivariate kernel
density estimation using Seaborn 0.8.0 package in Python 2.7.13. Analysis was
performed on 100,000 randomly sampled events from each population. Fluorescence
profiles based on signal areas for GFP and RFP were then overlaid in the same
plot. Colors code for different species; Black: B. eggerthii ; Red: B. fragilis ; Green:
B. theta; and Yellow: B. vulgatus. GFP-A: Green Fluorescent Protein-Area; and
RFP-A: Red Fluorescent Protein-Area.
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(Figure 3.3; Two-sided t test; P=NS). Bacteroides species exhibited large variability

in their ability to consume these carbohydrates (Figure 3.4). Most carbohydrates

can be consumed by at least two species except for cellobiose and galactomannan

which are only consumed by B. theta and B. vulgatus, respectively. These sugars

however exhibited the lowest cumulative growth across all species (Figure 3.3). Op-

tical density could not measure growth on starch because the high opacity of these

cultures was beyond the limits of measurement by absorbance spectrophotometry.
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Figure 3.3: Cumulative growth on different carbohydrates. Final opti-
cal density (OD) of Bacteroides mono-cultures were summed for each carbohydrate
yielding “Cumulative Growth”. Bars corresponding to monosaccharides and polysac-
charides are colored gray and black, respectively.

3.2.3 Predictions of competitive fitness on carbohydrates

Relative fitness of bacteria on the same resource can be approximated with growth

dynamics. Using time series data, growth lag, growth rate, and carrying capacity

can inform competitive fitness metrics. However, in initial model development, I

measured only carrying capacity (OD at 48 hours) for each of the four Bacteroides
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Figure 3.4: Carbohydrate utilization by Bacteroides species. Mono-
cultures were grown for 48 hours in minimal media supplemented with a single
monosaccharide (top grid) or polysaccharide (bottom grid) at a final concentration
of 0.5% w/v. Growth was measured using optical density. Growth outcomes for 4
replicates in each condition was summarized by median values. Within each species,
optical density was normalized by setting the maximum growth on any sugar to
1.0 and normalizing all other positive growths to this maximum value. For ease of
visualization, color was mapped to 16 bins from black (0.0) to yellow (1.0). BE:
B. eggerthii ; BF: B. fragilis ; B. theta; and BV: B. vulgatus.
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species grown on 19 different carbohydrates. Using a procedure that normalizes

growth data (see Methods), I ranked the competitive fitness of Bacteroides on each

resource. These normalized values essentially rank the competitive fitness of Bac-

teroides by accounting for species-specific resource preferences and resource-specific

differences in carrying capacities between bacteria. Estimates of bacterial fitness was

then incorporated into two distinct null models of bacterial interactions (Figure 3.5).

In the “Cooperative Model”, bacterial species in a mixed community fairly share

resources. Accordingly, the final relative abundances of bacteria in a mixed culture

correspond directly to their relative fitness on each resource. In the “Competitive

Model”, competition for resources is paramount and cooperation is non-existent. The

bacterial species with the highest fitness therefore outcompetes and excludes other

bacteria.

3.2.4 Bacteroides can coexist and compete on single carbon substrates

Members of the Bacteroides genus break down certain polysaccharides outside of

their cells using outer surface-bound or secreted enzymes [70, 80]. The extracellular

localization of these enzymes could make sugar byproducts available as public good to

neighboring bacteria. I therefore hypothesized that Bacteroides coexist on limited

nutrients through both specific metabolic cooperation and non-specific metabolic

cross-feeding. I tested for potential incidences of these cooperative behaviors using

mixed culture assays. All four Bacteroides species were grown in a co-culture on

minimal media supplemented with a single carbon substrate. Bacteroides cultures

were prepared as described in Methods for carbohydrate utilization assays. Mono-

cultures were reduced to an OD (at 600 nm) of 0.3 and mixed in equal amounts

before seeding carbohydrate-arrayed plates. After 48 hours, cultures were washed in

PBS, incubated overnight at 4°C, and processed using the flow cytometry analysis

protocol.
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Cooperative Model Competitive Model

Figure 3.5: Predicted outcomes of Bacteroides co-cultures. Two null mod-
els were used for predicting outcomes of mixed cultures of Bacteroides on media
supplemented with a single carbohydrate. The “Cooperative Model” assumes that
species in a mixed culture fairly share the carbon resource. The “Competitive Model”
assumes that the single species with highest fitness on each carbohydrate outcom-
petes other species for this limiting resource. For ease of visualization, color was
mapped to 16 bins from black (0.0) to yellow (1.0). BE: B. eggerthii ; BF: B. fragilis ;
B. thetaiotaomicron; and BV: B. vulgatus.
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Uncorrected Corrected 

Figure 3.6: Outcomes of Bacteroides co-culture. Mixed culture of Bac-
teroides grown on a single carbohydrate were measured with flow cytometry and
processed using two different approaches. In the “Uncorrected” approach, median
counts for all species, over four replicate cultures, were normalized to a sum of one
for each carbohydrate (“Uncorrected”). In the “Corrected” approach, median counts
of carbohydrate controls (i.e. no bacteria) were subtracted from median counts for
all species before normalizing to a sum of one. BE: Bacteroides eggerthii ; BF: Bac-
teroides fragilis ; Bacteroides thetaiotaomicron; and BV: Bacteroides vulgatus.
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Bacteroides exhibited varying outcomes for mixed cultures on single carbohy-

drates (Figure 3.6). The most common outcome is coexistence of multiple species on

a single carbon source. In some instances, a single species still dominated cultures

with at least 75% abundance. In particular, B. theta dominated growth on glucuronic

acid, rhamnose, arabinogalactan, and laminarin, while B. fragilis dominated mixed

growth on inulin. Cellobiose and galactomannan seemed to support the growth of

all four Bacteroides but signal was not retained after correcting for flow cytometry

background (Figure 3.6). Unlike absorbance-based measurements of growth, flow

cytometry measurements detected growth on starch. Bacteroides showed optimal

cooperation on starch with each of B. fragilis, B. theta, and B. vulgatus compris-

ing approximately one third of the population. Such direct inspection of flow cy-

tometry populations confirmed a continuum of outcomes that range from extreme

coexistence to modest competition by a single bacteria. Interestingly, both mono-

saccharides and poly-saccharides can support coexistence amongst Bacteroides with

starch-supplemented media supporting a very even composition of all four species

(Figure 3.7). Single Bacteroides species can however dominate in mixed cultures on

either types of sugars (Figure 3.8).

3.2.5 Linear gating is inadequate for sensitive Bacteroides enumeration

Flow cytometry analysis traditionally relies on gating of sub-populations using lin-

ear boundaries or manually drawn regions (polygons) around events of interest [122].

This gating strategy is often sufficient when sub-populations are clearly distinct or for

applications where high sensitivity is not required. In mixed culture of six Bacteroides

(Figure 3.1), enumerating sub-populations with linear boundaries is not possible due

to overlap of strains encoding mild expression of GFP with strains exhibiting autoflu-

orescence in the GFP channel. Yet, gating by linear boundaries seemed acceptable for

discriminating sub-populations of B. eggerthii, B. fragilis, B. theta, and B. vulgatus
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A B

Figure 3.7: Bacteroides can coexist on both mono- and poly-saccharides.
Flow cytometry analysis for single replicates of mixed cultures on (A) fructose and
(B) starch. Sub-populations were gated with linear boundaries at voltages of 525 in
each dimension. Quadrants are annotated with corresponding species and proportion
of counts. Analysis was based on 100,000 events from uncorrected flow cytometery
data for a single replicate of each population.

(Figure 3.2). Gating at voltages of 525 V in both GFP-A and RFP-A channels allows

for adequate discrimination of Bacteroides sub-populations under many conditions

(Figure 3.7 and 3.8).

However, gating by boundary struggles to distinguish sub-populations in several

recurring cases. At certain composition of a mixed culture, sub-populations drasti-

cally overlap and obscure the true number of clusters in a populations and the dis-

tribution of events for each sub-population. For example, arabinose-supplemented

media supports the growth of B. theta and B. vulgatus as predicted from mono-

culture carbohydrate utilization assays (Figure 3.5). However, investigation of the

flow cytometry population for one replicate of these cultures shows a unimodal dis-

tribution of fluorescence in the GFP channel (Figure 3.9A). The second source of

difficulty stems from shifts in Bacteroides fluorescence signatures due to abiotic
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A B

Figure 3.8: Mixed cultures can be dominated by a single Bacteroides
species. Flow cytometry analysis for single replicates of mixed cultures on (A) glu-
curonic acid and (B) inulin. Sub-populations were gated with linear boundaries at
voltages of 525 V in each dimension. Quadrants are annotated with correspond-
ing species and proportion of counts. Analysis was based on 100,000 events from
uncorrected flow cytometery data.

culture conditions. Glucomannan is a polysaccharide with modest polymerization

(DP of approximately 12) but low solubility in water. In viscous glucomannan-

supplemented media, flow cytometry populations exhibit a slight translational shift

toward zero in the GFP channel (Figure 3.9B). These recurring cases of overlap

between sub-populations and shifts in the expected fluorescence signatures of indi-

vidual sub-populations indicate that gating with linear boundaries is inadequate for

sensitive enumeration of the relative abundance of Bacteroides in mixed cultures.

3.2.6 Correcting for background events obscures Bacteroides eggerthii

Instrument-derived background signal (i.e noise) is a standard problem in flow cy-

tometry application [123]. In the method proposed in this chapter, the main source

of noise are auto-fluorescent events with forward (size) and side (granularity) scatter
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A B

Figure 3.9: Linear gating with pre-determined boundaries is inadequate
for sensitive enumeration of Bacteroides species. (A) Overlap in sub-
populations masquerades true composition in mixed culture grown on arabinose. (B)
Shifts in sub-population fluorescence signatures occur due to carbohydrate-specific
alternations of media such as viscosity of glucomannan. Sub-populations were gated
with linear boundaries at voltages of 525 V in each dimension. Quadrants are anno-
tated with corresponding species and proportion of counts. Analysis was based on
100,000 events from uncorrected flow cytometery data for a single replicate of each
population.

signatures resembling bacterial cells. Because B. eggerthii does not encode for any

fluorescent reporters, it is distinguished from the other three species by its auto-

fluorescence. However, it cannot be easily distinguished from noise (Figure 3.10).

One crude workaround is the subtraction of background signal using blank media

controls. In mixed culture carbohydrate utilization assays, I have therefore ana-

lyzed flow cytometry data using two different approaches. The “Corrected” approach

subtracts background fluorescence signatures using controls for each carbohydrate-

supplemented media (Figure 3.6). However, background subtraction almost com-

pletely eliminated any signal of B. eggerthii abundance in mixed cultures. The lack

of B. eggerthii in the final composition of mixed cultures is likely technical and not
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Figure 3.10: Background fluorescence signature for starch-supplemented
media. Sub-populations were gated with linear boundaries at voltages of 525 V in
each dimension. Quadrants are annotated with corresponding species and proportion
of counts. Analysis was based on 10,000 events from uncorrected flow cytometery
data for a single replicate of each population.

biological. B. eggerthii showed poor growth on cellobiose and galactomannan yet

was identified as the most abundant species when co-cultured on these sugars (Fig-

ures 3.6 and 3.11). On the other hand, the relative abundance of B. vulgatus in mixed

cultures positively correlated with expectations from its mono-culture carbohydrate

utilization assay (Figure 3.11). Accordingly, we expect other species to also exhibit

a positive correlation, but B. eggerthii did not . These findings suggest that the flow

cytometry protocol must be refined by either modifying the fluorescence signature

for B. eggerthii or reducing background noise by chemical or computational processes

without eliminating events that should be attributed to B. eggerthii.
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Figure 3.11: Background subtraction obscures B. eggerthii enumeration.
Relative abundance of B. vulgatus is positively correlated with mono-culture growth
estimates (Spearman‘s rho = 0.50; Pă0.05) while relative abundance of B. eggerthii
is negatively correlated with mono-culture growth estimates (Spearman‘s rho = -0.48;
Pă0.05). Relative abundances are based on corrected flow cytometry data.

3.3 Discussion

The Bacteroides genus presents an ideal model group for studying ecological mecha-

nisms behind colonization resistance. They are obligate anaerobic commensals that

reside and interact intimately with the host [118]. Its species encode genomic loci for

the utilization of diverse set of carbohydrates [80]. Spent culture supernatant assays

have confirmed that these species can cooperate through specific metabolic cross-

feeding mechanisms [71]. However, investigations of the ecology of Bacteroides be-

yond pairwise interactions have remained elusive due to technical limitations. Here,

I developed a high-throughput rapid approach for inferring the relative abundance

of Bacteroides species co-cultured in a mixed community. Using multi-color flow cy-

tometry, I demonstrated that the abundance of at least three species (and possibly

six) can be measured simultaneously. I validated the utility of this approach by test-
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ing whether single carbon resources can support the growth of multiple Bacteroides

in the same environment. Remarkably, four Bacteroides species showed ecological

behavior along a spectrum from nutrient competition to extreme cooperation. This

new approach accordingly enables a new line of research that delves further into the

impact of resource ecology on interactions between Bacteroides.

The extent of metabolic cross-feeding between these Bacteroides remains un-

known. Previously, Rakoff-Nahoum et al. [70] showed that B. vulgatus cannot break

down the polysaccharide inulin. However, they demonstrated that B. vulgatus can

grow on the inulin breakdown byproducts released by catabolic activity of other

Bacteroides. The carbohydrate utilization assay in this chapter demonstrated that

only B. eggerthii and B. fragilis can consume inulin, while B. vulgatus was unable

to grown on inulin-supplemented media (Figure 3.4). However, mixed cultures re-

markably showed that B. vulgatus can survive on inulin when co-cultured with other

Bacteroides (Figures 3.6 and 3.8). Additional experiments are needed to determine

if B. vulgatus survives on inulin due to the conditioning of the inulin-supplemented

media by B. fragilis or due to other unknown processes.

The observations of cooperation and competition between Bacteroides are unfor-

tunately limited to a single growth interval of 48 hours. Recently, Goldford et al. [69]

showed that complex environmental microbial communities also grown on a single

limiting nutrient need at least „60 generations (approximately 5 passages of 48 hours

each) before reaching stable equilibria. However, these communities were seeded with

tens of phylogenetically diverse taxa from environmental soil and plant leaf samples

which tend to be dominated by fast-growing facultative anaerobes. In my study,

communities are assembled with only four unique species that are slow-growing obli-

gate anaerobes. Whether Bacteroides will continue restructuring if grown for longer

time periods remains to be known, but future experiments will address this question.

The proposed flow-cytometry approach currently has two main technical limita-
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tions. In its current state, four Bacteroides specie are grown in mixed culture and

their relative abundances are distinguished by their unique fluorescent signatures.

B. eggerthii is therefore only detected by its autofluorescence because it does not en-

code for either GFP or mCherry. The signal for B. eggerthii is therefore susceptible

to obstruction by high background signal from instrument noise. Future experiments

will explore the utility of cell staining dyes with signals that are ideally orthogonal to

GFP and mCherry. An additional fluorescence dimension can increase the number

of species that can be simultaneously detected in mixed culture.

The second limitation of the approach is the inadequacy of linear gating for se-

lection of sub-populations in a mixed community. However, a potential solution is

the application of Gaussian Mixture Model (GMM) for the inference of the relative

abundances in a mixed community. A GMM is a generative models for data clus-

tering [124]. Given a pre-determined set of K clusters, the model assumes that each

data point is generated from one of K Gaussian distributions. Sub-populations in

flow cytometry data tend to exhibit normally distributed fluorescence signals (Fig-

ure 3.2), even though they seem to be left-skewed (exhibit negative skewness). A

GMM would still be an appropriate model for unmixing the sub-populations (clus-

ters) in a flow cytometry data set. Beyond inferring the weights of the different

clusters, GMM will also infer the mean and covariance of each cluster. Furthermore,

a Bayesian approach to GMM can be implemented with additional advantages [125].

In a Bayesian approach, prior distributions can be formulated given our prior knowl-

edge about the sub-populations of individual Bacteroides species. Conjugate priors

for the parameters of cluster means (µ), covariances (Σ), and weights (Ω) of the

mixture are compatible with normal, inverse Wishart, and Dirichlet distributions,

respectively. We can therefore estimate the model parameters by sampling from the

joint posterior distribution with a Gibbs sampler.

In summary, I have demonstrated that complex interactions between Bacteroides
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species can be investigated with the implementation of a rapid high-throughput ap-

proach based on multi-color flow cytometry. While this approach has only been

demonstrated on a select of group of Bacteroides, it can be applied toward studying

other model groups that can be encoded with fluorescent reporters. The ultimate

goal of this method is to fully survey the impact of resource ecology and diver-

sity on the structure of small gut microbial consortia. These communities could

then be challenged with different disturbances to identify the conditions that control

the trade-offs between cooperation and competition. By identifying these ecological

knobs, we can improve our understanding of the barriers for microbial colonization

in the human gut. This understanding would then guide therapeutics for the preven-

tion and treatment of enteric infections while suggesting better approaches for the

delivery and engraftment of probiotics.

3.4 Methods

3.4.1 Growth media

Bacteroides were grown either on blood agar plates (Hardy Diagnostics), modified

Gifu Anaerobic Medium (MGAM), or defined Bacteroides minimal media. Gifu

Anaerobic Medium was modified with 1% w/v hemin and 5% w/v menadione, as

these factors support cultivation of several Bacteroides species [126]. BMM was

made according to Martens et al. [79]. 2x concentrated BMM contained 100 mM

KH2PO4 (pH 7.2), 15 mM NaCl, 8.5 mM(NH4)2SO4, 4 mM L-cysteine, 1.9 µM

hematin/200µM L-histidine (prepared together as a 1,000x solution), 100 µM MgCl2,

1.4 µM FeSO4¨7H2O, 50 µM CaCl2, 1 µg ml´1 vitamin K3, and 5 ng mL´1 vitamin

B12. Final BMM solution was supplemented with 5% v/v of Vitamins (ATCC MD-

VS) 5% v/v Trace Minerals (ATCC MD-TMS), 50% v/v of 1:1 Purines:Pyrimidines

solution (Sigma-Aldrich), and 100% v/v of MEM Amino Acids solution without L-

glutamine (Sigma-Aldrich), brought to final pH of 7.2, filter sterilized, and stored in
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Table 3.1: List of bacterial strains and expression of their fluorescence
reporters.

Bacterial Strains Identifier mCherry GFP
Bacteroides eggerthii ATCC 27544
Bacteroides fragilis NCTC-9343 ATCC 25285 Mild
Bacteroides ovatus ATCC 8483 Mild
Bacteroides thetaiotaomicron VPI-5482 ATCC 29148 High
Bacteroides uniformis ATCC 8492 Mild Mild
Bacteroides vulgatus ATCC 8482 High High

the dark at room temperature.

3.4.2 Bacterial strains and preparation

List of strains and expected fluorescence are reported in Table 3.4.2. I acquired

strains from the Sonnenburg Lab (Stanford University), who engineered ATCC Bac-

teroides strains with genomically integrated fluorescence reporters [76]. Frozen glyc-

erol stocks of Bacteroides strains were streaked on Blood Agar Plates (BAP) and

grown overnight for „48 hours at 37°C (85% N2, 10% CO2, 5% H2) in a vinyl

anaerobic chamber (Coy). Strains were subcultured and passaged twice using same

conditions before any of the following experiments.

3.4.3 Bacterial growth for carbohydrate utilization assays

Colonies were swabbed from agar plate stocks and subcultured in 2 mL of liquid

mGIFU for 6-8 hours at anaerobic 37°C in 14 mL rounded-bottom tubes. Cultures

were then washed one in BMM by centrifugation at 13,200 RPM for 2 minutes

(Eppendorf MiniSpin), resuspended in 2 mL BMM supplemented with a 0.5% w/v

even mixture of monosaccharides (glucose, galactose, fructose, and mannose), and

grown overnight anaerobic at 37°C. A custom carbohydrate array was created in

flat deep 96-well plates with a panel of 19 different sugars list in Table 3.4.3 seeded

in volumes of 300 µL, transferred to the anaeorbic chamber, and were allowed to
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equilibrate for at least „1 hour. All carbon substrates were prepared as 1% w/v

stocks (in Milli-Q water). Simultaneously, cultures were washed twice in BMM and

diluted to an optical density (at 600 nm) of „0.15 ´ 0.3 in 2x concentrated BMM.

300 µL of the resulting cultures were then added to each well in the carbohydrate

array bringing final concentration of carbon sources to 0.5% w/v. 50-100 µL of pre-

reduced mineral oil was added to each well to prevent evaporation of culture. Plates

were incubated at 37°C for 48 hours. Each growth condition (growth of specific

Bacteroides on a carbon source) was tested with four replicate wells and two control

wells where 300 µL of 2x concentrated BMM was added to 300 µL of 2x concentrated

carbon substrate solution.

Absorbance values were measured at 600 nm (CLARIOstar, BMG Lab Tech Inc.)

and normalized as follows: median values were computed on growth of four replicate

cultures in each sugar. Next, absorbance was normalized within each species by

setting its maximum growth on any sugar to 1.0 and normalizing all other positive

growths to this maximum value, yielding within-species normalized optical density

values between 0.0 and 1.0. Next, growth on each sugar was normalized across species

to a sum of 1.0, yielding final predicted relative abundances between 0.0 and 1.0.

3.4.4 Flow cytometry for estimation of bacterial abundance

Plates were transferred out of the anaerobic chamber and centrifuged at 3000 g

for 9 minutes. Cultures were then decanted without disturbing the pellet using

a WeLLevator Pipette Guide (Mo Bio). Pellets were re-suspended in PBS to a

volume of 200 uL. Cultures were serially diluted by a factor of ten. Both GFP and

mCherry require oxygen for maturation. Therefore, plates were then incubated at

4°C overnight.

The flow cytometry analysis of the microbial cells present in the suspension was

performed using a MACSQuant VYB (Militenyi Biotec) equipped with an automated
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Table 3.2: List of carbohydrates used in resource utilization assays. Type
indicates whether a sugar is a monosaccharide or polysaccharide. Degree of Polymer-
ization (DP) is the number of monomeric units in a polymer. Numbers in brackets
indicate references for the estimated DP of a sugar. *Ultra-pure water was used as
negative control. NA: not available.

Sugar Type DP Source Catalog #
Arabinose Mono 1 Sigma-Aldrich A3256
Fructose Mono 1 Amresco 0226
Galactose Mono 1 Sigma-Aldrich G0750
Glucose Mono 1 EMD DX0145
Glucuronic acid Mono 1 Sigma-Aldrich G5269
Mannose Mono 1 Sigma-Aldrich M6020
N-acetyl-glucosamine Mono 1 Amresco K250
Rhamonse Mono 1 Sigma-Aldrich W373011
Arabinogalactan Poly „60 [127] Spectrum A1333
Cellobiose Poly 2 BD Bacto C126010
Galactomannan Poly „17-24 [128] Sigma-Aldrich G073
Glucomannan Poly „12 [129] Konjac Foods NA
Inulin Poly „40 [130] Sigma-Aldrich I3754
Laminarin Poly NA TMLI L0088
Maltose Poly 2 Amresco 1B1184
Pullulan Poly 3 Sgima-Aldrich P4516
Starch Poly NA Spectrum C1557
Sucrose Poly 2 Sigma-Aldrich C5-93738
Xylan Poly „200 Megazyme P-XYLNBE
Water* NA NA PicoPure

multi-well plate sampler. Fluorescence events were monitored using B1 525/50 nm

(GFP) and Y2 615/20 nm (mCherry) optical detectors. The following gains were

used to amplify flow events: 380 V for FSC, 560 V for SSC, 535 V for B1, and

775 V for Y2. A side scatter (SSC) gate (Signal Heightą12.5V) can remove most

of the background events that can be attributed to noise. Data were imported into

Python using FlowCytometryTools [131] and analyzed with Python functions that

I developed [132]. Linear gating was performed at 525 V for both B1 signal area

(BI-A or GFP-A) and Y2 signal area (Y2-A or RFP-A).
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4

Conclusion

In this dissertation, I have shown that novel computational and experimental frame-

works are useful for improving our understanding of the processes behind colonization

resistance in the human gut microbiome. Unique perspectives from computational

and synthetic biology enabled me to identify emergent patterns in clinical cohort

studies and generate emergent patterns in the synthetic microbial consortia. The

integration of concepts from ecology, microbiology, and statistics allowed me to ad-

dress basic scientific questions about colonization resistance while meeting clinical

and translational goals for reducing the burden of diarrheal disease.

The second chapter of this dissertation explored pattern in the human gut mi-

crobiome that are associated with cholera susceptibility of individuals in a highly

endemic region. The gut microbiota was predictive of infection by V. cholerae based

on baseline gut microbiota structure at the time of exposure to an infected house-

hold contact. Using machine learning, I further identified and validated taxa that

directly interact with V. cholerae. Findings from this study formulated hypothe-

sis about the potential role of chronic under-nutrition, concurrent enteropathy, and

susceptibility to enteric pathogens. This work further affirms the important need of
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integrating human gut microbiome in epidemiology, including in developing vaccines

and predicting outbreaks.

The third chapter of this dissertation approaches the problem of colonization

resistance from a more theoretical and experimental point-of-view. I developed a

high-throughput approach for the simultaneous detection of multiple Bacteroides

species in a complex community. Remarkably, a community of four different taxa can

coexist even in limited resources and can recapitulate previously known mechanisms

of inter-specific metabolic cross-feeding. The ingenuity of this approach is that it

can be applied to any model group of genetically tractable taxa. Future work will

address the main technical limitation of this method by first expanding the number

of fluorescent channels that are simultaneously detected and second implementing

machine learning pipelines for the processing of flow cytometry data sets.

4.0.1 Future directions

Studies of enteric infections are often challenging due to the lack of animal mod-

els or prospective cohort studies. In the second chapter, my collaborators and I

were fortunately granted access to a rare study cohort in cholera-endemic region of

Bangladesh. Nonetheless, there are potential approaches for addressing the typical

absence of appropriate studies for studying enteric pathogens. Instead of mining

animal or human studies for association between the human gut microbiome and

clinical outcomes, in vitro challenge experiments may be a promising alternative. To

address this gap, I am interested in developing a high-throughput pipeline for rapidly

generating unique groups of bacteria and subsequently modeling their pathogen re-

sistance. A centerpiece of this pipeline will be an in vitro dilution-based approach for

creating microbiota diversity. This approach has been inspired by techniques used

by environmental microbiologists, and I have previously validated it using gut micro-

biota from humans. My pipeline will also employ a machine learning technique that
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I have shown, in the second chapter, can identify bacteria that inhibit or facilitate

pathogen colonization in humans. In September of 2018, I will be joining the lab of

Robert Britton at the Baylor College of Medicine who has pioneered a high-through

array system of bioreactors for continuous-flow culturing human gut microbiota [133].

These bioreactor arrays would be ideal for culturing the dilution-induced diversity

that I can generate. The inclusion of time series data on the dynamics of the hu-

man gut microbiome would provide additional information that are inaccessible in a

typical animal or human study. While time series analysis may present new unprece-

dented challenges, machine learning experts are beginning to developed algorithms

precisely for analyzing time series of microbiome studies [134]. Data and hypotheses

generated from this in vitro pipeline can be subsequently used for discovering po-

tential mediators of colonization resistance. These mediators can then be integrated

into the platform that I have developed in the third chapter. The objective of this

integration is to uncover the ecological traits that mediate interaction of putative re-

sistors or facilitators with gut commensals that dominate or influence the human gut

ecosystem. Follow-up experiments in animals can then be strategically designed to

address these narrow evidence-driven hypotheses. Models derived from my pipeline

may lead to diagnostics that can be used to predict patients’ infection risk. More-

over, bacteria identified as protecting against infection could one day be tested as

probiotics for preventing or treating infection.
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