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Lay Abstract

The microbes that live on and in us a↵ect our health and can cause disease. Within,
I investigate the association of these microbes in the airways. First, we show that the
microbes in the noses and throats of the elderly di↵er from adults. We hypothesize
that these di↵erences may be associated with the increased incidence of respiratory
infections, such as pneumonia and influenza, in this population. Second, we study
the microorganisms that inhabit the lungs of individuals with cystic fibrosis. The
bacteria of the lungs are the main cause of disease. In our study, we attempt to
identify why these patients go through cycles of extreme sickness and hospitalization,
but we were unable to find a cause of this in the microbiota. A follow up study using
new techniques provided us with a better resolution of these communities which will
help us better understand cystic fibrosis.
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Abstract

The human microbiota is the collection of microorganisms which live on and in the
human body. These organisms have been implicated in a host of diseases and disor-
ders and nationwide initiatives have helped us understand their heterogeneity across
the population in health. In this work, I investigate the respiratory tract microbiota
and its correlations in age and disease. Elderly (� 65 years of age) are at a greater
risk of respiratory infection; previous studies have shown changes to the elderly gut
microbiota which correlate with the health of these individuals. Thus, we investigated
the upper respiratory tract in comparison to mid-aged adults to identify statistically
di↵erent communities within the anterior nares and oropharynx which may be asso-
ciated with increased respiratory infection risk in this population. Individuals with
cystic fibrosis have a lung microbiota which contributes to the onset of pulmonary
exacerbations, increased inflammation, which is the greatest cause of patient mor-
tality. However, it is not understood what triggers these events. In this work, we
used 16S rRNA gene sequencing to longitudinally identify the lung microbiota in a
subset of patients but were unable to identify any consistent correlations in the lung
microbiota and pulmonary exacerbation onset. In order to gain a better resolution
of these communities, we combined culture-independent sequencing technology with
culture-enrichment. We showed that 81.21% of OTUs representing 99.15% of the
biomass of the cystic fibrosis lung is culturable and that metagenomic sequencing of
these cultured communities provide better taxonomic resolution of the cystic fibrosis
lung. Together, this work shows the contributions of the respiratory tract microbiota
in age and disease.
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Chapter 1

Introduction

1.1 The human microbiota & its associated micro-

biome

The human microbiota is the plethora of microbes (bacteria, viruses, fungi) that live

on or in the human host. While the terms microbiota and microbiome are some-

times used interchangeably to define this community, it is generally accepted that

microbiota refers to the micro-organisms themselves, whereas microbiome refers to

the genetic collective of the microbes (Cho and Blaser, 2012; Marchesi and Ravel,

2015). Estimates vary, and are often exaggerated, but the number of cells that make

up the human microbiota are on par with a given human’s eukaryotic cells, at a ratio

of 1:1 (Sender et al., 2016), encouraging some to refer to the human body and its

inhabitants as a ‘supraorganism’ (Caporaso et al., 2011; Turnbaugh et al., 2007).
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Because multicellular eukaryotes and bacteria have inhabited the same environ-

mental niches for millions of years, it is likely that each has shaped the evolution of

the other and that ancestors of Homo sapiens’ have been living in symbiosis with a

microbiota for millions of years (Ley et al., 2008). Most members of these communi-

ties are considered commensal organisms; they generally do not pose harm to their

human host who often benefits from the interaction (Hugon et al., 2015; Littman

and Pamer, 2011). For example, the bacteria that inhabit the human gastrointestinal

tract help us absorb nutrients by breaking down complex carbohydrates and fibres

(Littman and Pamer, 2011; Jandhyala et al., 2015). In an extreme example, mem-

bers of the gut microbiota of certain seaweed-consuming populations, such as the

Japanese, have obtained the ability to digest carbohydrates from seaweed, allowing

the human gut to absorb more nutrients from their ocean diet (Hehemann et al.,

2010). Further, studies in germ-free mice (mice lacking a microbiota) and human

infants demonstrate the important role that these symbionts play in immune matu-

ration (for e.g. Hapfelmeier et al. (2010); Sudo et al. (1997); Jakobsson et al. (2014)

reviewed in Round and Mazmanian (2009); Matamoros et al. (2013)).

The initiative that has been the most influential in guiding the community’s under-

standing of the human microbiota has been the Human Microbiome Project (HMP).

Initiated in 2008, the HMP aims to better understand the human microbiota in-

habiting various sites within and on the average healthy adult. Phase 1 of this

project surveyed 18 body sites in 242 individuals, and found heterogeneity within

a given individual across various sites in/on the body as well as some heterogeneity

between ethnic/racial groups (The Human Microbiome Project Consortium, 2012b).
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The HMP laid the ground work for future studies by providing microbiota data for a

comprehensive group of healthy adult controls to which comparisons can be made.

Disruption or deregulation (i.e. dysbiosis) of the human microbiota has also been

implicated in various diseases and disorders. In these situations, commensal organ-

isms can undertake pathogenic behaviours due to changes in their environment, or

interactions with the host or other members of the microbiota (Hugon et al., 2015).

Irritable bowel syndrome, inflammatory bowel disease, obesity, and various cancers

(e.g. colon and breast) have all been associated with an altered gut microbiota rel-

ative to healthy controls (Gilbert et al., 2016; Collins, 2014; Frank et al., 2007; Ley

et al., 2006; Vogtmann et al., 2016; Hieken et al., 2016). Further, some evidence has

been shown towards a microbial component of disorders along the gut-brain axis in-

cluding autism spectrum disorder, depression, and Parkinson’s disease (Kang et al.,

2013; Naseribafrouei et al., 2014; Sampson et al., 2016). The association between the

microbiota and these conditions is complex. These diseases and disorders could be

associated with a functional change in the community, perhaps due to a change (loss

or gain) in relative abundance of a set of species which perform a given function, or

due to a change in nutrient availability in the environment. In this case, changes to

the microbiome may be an important factor in driving disease, whereas individual

changes in the microbiota are less important. Conversely, a particular strain(s) may

be associated with disease, indicating a taxonomic change. The community might be

more specifically perturbed by the gain or loss of a particular strain(s), emphasizing

the importance of individual members of the microbiota (Gilbert et al., 2016). The

cause and e↵ect relationship between microbial shifts and disease are also important
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to consider in this context. In some cases, there is data to support a causal role; for

example, in vivo transplant of disease-associated gut microbiota have been able to re-

capitulate disease phenotypes in naive mice in models of inflammatory bowel disease

(Schaubeck et al., 2016; De Palma et al., 2017). However, there are also data showing

that changes to the microbiota can be driven by inflammation and/or disease. For

example, chemical or genetic materials which induce intestinal inflammation have

been shown to cause dysbiosis of the gut microbiota in mice (Lupp et al., 2007).

1.2 Studying the human microbiome

1.2.1 Culture-independent approaches

Human microbiome studies have expanded in both number and scale in the last 15

years. It has long been believed that the human microbiota is an unculturable major-

ity, leaving researchers eager for high-resolution, culture-independent techniques to

best study these populations. Recently, advances in next generation sequencing tech-

nologies provide new approaches, including 16S rRNA gene sequencing and shotgun

metagenomics, to characterize complex microbial communities.

16S ribosomal RNA (rRNA) sequencing

One of the fundamental aims of human microbiome research seeks to uncover which

microbes are present in a given polymicrobial community. 16S rRNA gene sequence

comparisons have been used to estimate the phylogeny of prokaryotes since the 1970s

(Fox et al., 1977, 1980). The DNA sequence of the 16S rRNA gene is used to assign
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taxonomy to microbial species because it contains areas of high conservation and vari-

ability across the bacterial kingdom, allowing comparisons of both highly diverse and

closely related bacterial species (Fox et al., 1977). Improvements in next generation

sequencing technologies, most notable of which being Illumina, have provided the

ability to sequence regions of this gene in high-throughput. Universal primers have

been designed to amplify variable regions of interest from mixed microbial communi-

ties by taking advantage of flanking areas of conservation. Some of the first e↵orts to

adopt this approach were applied to 454 sequencing, but were later adopted to Illu-

mina technologies with the design of primers amplifying the variable 3 and 5 regions

(Caporaso et al., 2010a). The addition of a short (6-12 base) unique barcode to each

primer creates indexed primers such that multiple samples can be uniquely labeled

and sequenced using a single Illumina sequencing run (Caporaso et al., 2010a). Many

additional primer sets have been designed for a variety of variable regions within the

16S rRNA gene sequence, including indexed primers for the variable 3 (Bartram et al.,

2011) and variable 4 (Caporaso et al., 2010a; Walters et al., 2016; Parada et al., 2016;

Apprill et al., 2015) regions.

With improvements in sequencing technology, the bottleneck is now in the data

analysis. A single multiplexed run of the Illumina MiSeq can produce 15 Gb of infor-

mation that must then be split into individual samples based on indexed barcodes,

and checked for sequencing quality base-by-base. Then, sequences can be grouped into

Operational Taxonomic Units (OTUs) based on sequence similarity; OTUs are typi-

cally designed as a cluster of sequences which share 97% sequence identity, a threshold

previously shown to di↵erentiate bacterial species (Konstantinidis and Tiedje, 2005).
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OTUs are then given a specific taxonomic assignment before analyses can be com-

puted. Various tools, workflows, and algorithms have been published to assist at each

of these steps. The most widely used is Quantitative Insights Into Microbial Ecology

(QIIME, pronounced ‘chime’), which consists of a series of commmand-line Python

scripts for taking raw sequencing data through to community analyses (Caporaso

et al., 2010c). QIIME, and other tools such as mothur (Schloss et al., 2009), use

pre-existing algorithms in addition to creating their own. Because of the quantities of

data, algorithms for OTU clustering and taxonomic assignment are generally heuristic

approaches, meaning that they find approximate solutions since finding exact solu-

tions would be too slow to be reasonably computed (Eddy, 2004). As a result, the use

of various heuristic algorithms can significantly alter the outcome of one’s analyses

depending on how close each heuristic is to the actual data, thereby a↵ecting the

biological validity of the results. Unfortunately, there is no consensus as to which

workflows, algorithms, and methods should be used; as a result, each research group

analyses their 16S rRNA communities di↵erently from each other, making it di�cult

to compare results across human microbiota studies. As an example of this, Walters

et al. reanalyzed 5 independent studies of the association of the gut microbiota in

obesity using one common computational pipeline and found di↵erences in biological

outputs such as ↵- and �-diversity across studies (Walters et al., 2014).

Shotgun metagenomic sequencing

Metagenomics is used to profile the genes and other genetic elements present in a

sampled community, without necessarily gaining the knowledge as to which member

of the community contributed any particular element or which are being transcribed
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(Gilbert and Dupont, 2011). Instead of asking “who is there” as is the case with

marker gene studies such as 16S rRNA gene sequencing, shotgun metagenomics in-

stead asks “what is there”, in terms of the functional potential of a microbial com-

munity. The term was coined by Handelsman et al. in 1998 with the sequencing of

DNA from an environmental soil sample using bacterial artificial chromosome (BAC)

vector clones, which revealed a large amount of genetic variability within the com-

munity (Handelsman et al., 1998). Since 2006, the decreased costs and improvements

in sequencing technology have made large-scale shotgun metagenomic sequencing ef-

forts more feasible (Temperton and Giovannoni, 2012). Metagenomics has allowed

comparisons of the metabolism of our own genomes to that of the microbiome of

our gut (Gill et al., 2006) and has identified functional stability in these communities

despite taxonomic variation across individuals (The Human Microbiome Project Con-

sortium, 2012b). It was not until low cost, massively parallel sequencing technology

became accessible that these methods were applied to human-associated communities.

Shotgun metagenomic sequencing analysis is computationally intensive. Short

reads must undergo quality control before they can be assembled into contigs, given a

taxonomic assignment (if possible), be searched for predicted genes, and compared to

samples from other locales, patients, or timepoints (Gilbert and Dupont, 2011; Tem-

perton and Giovannoni, 2012; Roumpeka et al., 2017). Because of the extensive use

of metagenomics in fields such as environmental biology, there are certain established

analysis software tools and methods to help answer common questions such as the

taxonomic and gene content of a community (Roumpeka et al., 2017). In particular,

e↵orts have been made to conduct comprehensive benchmarking analyses of these
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tools independent of the often biased benchmarking results contained within software

announcement manuscripts, making this benchmarking process more reliable than

most approaches used in the field (Sczyrba et al., 2017). The Critical Assessment of

Metagenomic Interpretation (CAMI) Challenge represents a collaboration between at

least 9 independent research groups in the field of metagenomics in order to create

a standard assessment of metagenomic processing and analysis tools (Sczyrba et al.,

2017). The CAMI Challenge includes sequence assembly approaches, binning strate-

gies, and taxonomic assignment, all important elements in the processing of shotgun

metagenomic data (Sczyrba et al., 2017). This initiative has allowed the field to focus

its e↵orts on producing biologically accurate results using the best available tools and

software.

1.2.2 Culture-dependent approaches

Before culture-independent methods were popularized, studies of the bacterial com-

munities associated with the human host relied on microbial culture. Traditionally,

only a very small percentage of the human microbiota was believed to be culturable

(Rappé and Giovannoni, 2003; Stewart, 2012). This belief is repeated in the first

sentence of a large portion of human microbiome related manuscripts published in

the last 10 years, a sentiment that has been parroted from study to study. However,

evidence exists in the literature of successful culture-dependent studies; in 1974, 25

years before the term ‘microbiome’ was coined, Finegold et al. compared the fecal

microbiota of individuals from two nationalities to test the hypothesis that di↵er-

ences in their microbial communities may contribute to di↵erent rates of colon and

bowel cancers between these groups (Finegold et al., 1974). Using 10 aerobic and 19
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anaerobic media, the authors recovered over 300 unique species from 40 specimens

(Finegold et al., 1974). Studies such as these indicate the readiness of the gut micro-

biota to culture. Since then, studies have begun to combine culture-dependent and

-independent methods (see Section 1.2.3).

Although the advantages of culture-independent methods are often thought to

outweigh those of culture, culture has a number of important advantages. Unlike

DNA-based methods which cannot di↵erentiate between live or dead organisms, cul-

ture establishes the viable members of a community. Selective media also allow for

the growth of low abundant organisms often missed by insu�cient 16S rRNA gene

sequencing depth (Lau et al., 2016; Sibley et al., 2011). Finally, in order for the field

of microbiome research to move beyond descriptive studies, the isolation of organ-

isms is necessary to determine the role they play in health and disease; with culture

isolates, a variety of phenotypic assays can be performed and whole genome analysis

can provide imperative functional annotation of these organisms.

1.2.3 Combination of culture-dependent & -independent meth-

ods

Recent studies, including e↵orts from the Surette laboratory, are beginning to chal-

lenge the anti-culture antics of the field of human microbiome research by showing

that a large portion of the human microbiota is culturable. In 2011, Sibley et al.

demonstrated that culture-enrichment of the cystic fibrosis lung microbiota allows for

the identification of more species of bacteria when compared to culture-independent
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approaches (Sibley et al., 2011). Specifically, the authors identified a 3-fold increase

in organism diversity by applying 21 culture conditions, 10 aerobic and 11 anaer-

obic, to lung sputum samples compared to Terminal Restriction Fragment Length

Polymorphism (T-RFLP) identification and 454 sequencing of the 16S rRNA gene

of the sample directly (Sibley et al., 2011). More recently, Lau et al. applied sim-

ilar techniques to the human fecal microbiota and found that an average of 95% of

the gut microbiota present at > 0.1% is culturable using 33 standard culture condi-

tions in aerobic and anaerobic environments (Lau et al., 2016). Other studies have

also identified culturable communities in the gut microbiome (Goodman et al., 2011;

Lagier et al., 2012; Rettedal et al., 2014; Lagier et al., 2016; Browne et al., 2016) us-

ing culture-enriched techniques. Other communities across the human body are also

culturable including the vagina (Pandya et al., 2016), oral cavity (Thompson et al.,

2015), urinary tract (Hilt et al., 2014), and healthy airways (Venkataraman et al.,

2015).

The understanding that the majority of the human microbiota is unculturable orig-

inated from the increase in diversity that early culture-independent studies observed

(for e.g. Eckburg et al. (2005)). Recent studies combining culture-independent and

-dependent approaches produce 2 overlapping but distinct microbial communities,

suggesting that these approaches complement each other, but that neither encom-

passes the full extent of microbial diversity (Lagier et al., 2012; Sibley et al., 2011;

Lau et al., 2016). Interestingly, there is often more diversity observed via culture-

enrichment then by direct profiling of a given sample (Lau et al., 2016; Sibley et al.,

2011; Browne et al., 2016), perhaps indicating the ability of culture-enrichment as a
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means for facilitating the observance of low abundant organisms, thus avoiding issues

associated with sequencing depth (Lau et al., 2016).

1.3 The respiratory tract microbiota

Before we can understand the possible implications of the human microbiota in res-

piratory disease, we first have to understand its role and composition in health.

The human respiratory tract consists of the airways between the nasal cavity and

lungs; conceptually, this expanse is often split into the upper and lower respiratory

tracts (URT and LRT, respectively) just below the larynx. Studies of the healthy

URT microbiota from the HMP, and other subsequent studies, indicate the existence

of distinct microbial communities in the nasal cavity (anterior nares and nasophar-

ynx), throat (oropharynx), and mouth (The Human Microbiome Project Consortium,

2012b; Stearns et al., 2015; Bassis et al., 2014; Charlson et al., 2011).

Until recently, the LRT was perceived to be a sterile environment owing to studies

from the 1960’s which where unable to culture LRT microbial isolates (Laurenzi et al.,

1961). However, improved culture-independent techniques have continuously found

evidence of a LRT community in healthy individuals. Comparisons between oral

washes and bronchoalveolar lavage (BAL) using the neutral model of community

ecology identified a number of species in the lung microbiota which were not present

in the mouth, indicating the lung microbiota as a distinct community (Morris et al.,

2013). Further, the lung microbiota are altered in individuals with HIV compared

to healthy controls (Lozupone et al., 2013) and is distinct in individuals at increased

risk of pulmonary inflammation (Segal et al., 2013). Charlson et al. used swabs and
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oral washes of the URT to compare to BAL and protected brush samples of the LRT

(Charlson et al., 2011); the authors identified bacterial DNA in the LRT samples at a

lower biomass than URT microbiota, but found these communities to be quite similar

to the oropharyngeal microbiota, suggesting that the LRT microbiota is derived from

its URT neighbours (Charlson et al., 2011). Sampling the LRT of a healthy individual

means first maneuvering an instrument through the URT which has caused a debate

in the field as to what constitutes contamination and what is a true LRT microbiota

(Beck et al., 2012). Dickson et al. conducted BALs via the nasal cavity or oropharynx

and found no significant di↵erences between the obtained communities, suggesting

that contamination is not a driving factor in the communities recovered from BALs

(Dickson et al., 2015). However, both of these methods must traverse the supraglottic

space just above the trachea; Segal et al. compared the supraglottic community to

BALs and found a significant overlap in taxa, suggesting that contamination during

BAL procedure is still at issue (Segal et al., 2013). In a more recent follow-up study,

Dickson et al. tested two hypotheses as to the source of LRT communities: (a)

these communities originate via dispersion along the mucosal layer of the bronchia,

meaning that the microbial community would decrease in similarity to the URT as

one moved further down the respiratory tract (Dickson et al., 2017), and (b) LRT

microbiota could be a result of microaspiration of microbes from the URT. In the latter

case, one would expect the bottom of the bronchia to be most similar to the URT

composition due to the e↵ect of gravity and the general habit of humans to sit/stand

upright (Dickson et al., 2017). Via serial sampling, the authors showed that the

latter hypothesis fit best with the data in a set of healthy adult volunteers (Dickson

et al., 2017). These studies, and others before them, have allowed us to confidently
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assess the existence of a biomass LRT microbiota in healthy adult individuals whose

composition is a consequence of one’s URT community.

1.4 Respiratory infections in the elderly

Infants and young children (<2 years of age) are at a higher risk of respiratory in-

fections (Simoes et al., 2006; Williams et al., 2002). This increased risk is known

to have a microbial component since early life events, including method of delivery

(vaginal/caesarean) and breastfeeding, a↵ect the colonization and succession of res-

piratory microbiota, and respiratory health throughout life (Schenck et al., 2016; van

Nimwegen et al., 2011; Arrieta et al., 2015; Dogaru et al., 2014). This increased

risk in respiratory infection diminishes as the respiratory microbiota becomes more

adult-like (Bogaert et al., 2011; Stearns et al., 2015). However, as individuals age

(�65 years old), this increased risk of respiratory infection again surfaces. Infectious

diseases, such as influenza and pneumonia, increase in prevalence among individu-

als over the age of 65 years (Kaplan et al., 2002; Crighton et al., 2007; Centers for

Disease Control and Prevention (CDC), 1995). Interestingly, although occurrence

of pneumonia caused by Streptococcus pneumoniae is increased in this age group,

carriage of this species in the URT is decreased. For example, in some studies 50%

of surveyed children are found to be S. pneumoniae carriers compared to <1% of

elderly individuals (Kwambana et al., 2011; Ridda et al., 2010). This suggests that

while the elderly are less likely to be nasally colonized by this microbe, exposure to it

often leads to invasive LRT infection. An interesting phenomena in support of this is

the spike in elderly respiratory pneumococcal disease observed around the Christmas

holidays, presumably when elderly come into contact with grandchildren and other
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young children with high rates of S. pneumoniae nasal carriage (Walter et al., 2009).

Although causes of this increased risk of respiratory infection with age are not fully

understood, it has been suggested that immunosenescence plays a role. Immunose-

nescence is the deregulation of both the innate and adaptive immune response which

often accompanies aging (Franceschi et al., 2000; Krone et al., 2014). Immunosenes-

cence in elderly mice leads to a decrease in anti-pneumococcal antibodies (Nicoletti

et al., 1993); this, along with the general deterioration of the immune system, may

partially explain the increased ability for pathogenic bacteria, such as those responsi-

ble for pneumococcal disease, to evade the immune defenses of the human host (Krone

et al., 2014).

1.4.1 Changes in the respiratory tract microbiota with age

While it is well established that the gastrointestinal microbiota is altered with age

(Je↵ery et al., 2015; Lynch et al., 2015; Zapata and Quagliarello, 2015; Park et al.,

2015), less is known about how the respiratory tract is a↵ected. Hints in how this

community may change as we age can be seen from studies in related fields. For exam-

ple, mouse studies comparing the URT microbiota in adult and elderly colonies have

shown a marked change in these communities with age (Thevaranjan et al., 2016). As

humans age, immunosenescence and inflammaging lead to a pro-inflammatory dereg-

ulation of the immune system, often associated with an increase in comorbidities and

infectious disease (Johnstone et al., 2014; Krone et al., 2014; Franceschi et al., 2000).

Because of links between the immune system and microbiota established in human

infants and mouse models, a corresponding change in the elderly URT microbiota
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may occur. Some evidence towards this change is observed by de Steenhuijsen Piters

et al. whose research established changes in relative abundance of a subset of species

(Prevotella, Veillonella, Leptotrichia, Rothia, and Lactobacillus) between the healthy

adult and healthy elderly oropharyngeal microbiome (de Steenhuijsen Piters et al.,

2015).

1.5 Chronic infection in cystic fibrosis

Cystic fibrosis (CF) is an autosomal recessive disorder characterized by abnormalities

in chloride transport and absorption by the cell (Andersen, 1938; Quinton, 1989), a

defect that a↵ects a variety of organs, including the pancreas, liver, and intestine

(Andersen, 1938; Riordan et al., 1989). In the 1930s, when CF was first identified,

persons with this disease often died of malnutrition during infancy (Andersen, 1938;

O’Sullivan and Freedman, 2009; Cutting, 2014) due to the inability of the pancreas to

properly move digestive enzymes from the pancreatic ducts into the intestine because

of mucus buildup (Cutting, 2014). Once pancreatic enzyme replacement therapy was

introduced, the mean survival rate of individuals with CF increased to early adulthood

and the consequences of this disorder on the lung began to supersede malnutrition

as the major cause of morbidity and mortality in the patient population (Heijerman,

2005).

The hunt to identify the genetic locus responsible for this disease was outlined in

a series of landmark papers published in 1989, including the sequencing and char-

acterization of a gene on chromosome 7 encoding the cystic fibrosis transmembrane

conductance regulator (CFTR), the gene mutated in CF patients (Kerem et al., 1989;
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Riordan et al., 1989; Rommens et al., 1989). While 86.4% of CF disease is caused

by a 3 bp deletion that encodes for amino acid 508, encoding a phenylalanine (F) in

CFTR (�F508) (Kerem et al., 1989; Boyle et al., 2014; Cystic Fibrosis Foundation,

2013), there are over 2,000 mutations to CFTR currently identified as causative of CF

disease (Elborn, 2016; Castellani et al., 2008). Subsequently, it has been elucidated

that various mutations within this gene can contribute to the mis-folding and rapid

degradation of CFTR and/or a lack of functional CFTR on the cell outer membrane

(Kerem et al., 1989; Elborn, 2016). There are 6 classes of genetic mutations which

a↵ect CFTR; some of these mutations mitigate the amount of functional CFTR on

the cell surface by (Class 1) decreasing CFTR production, (Class 2) causing defects

in protein tra�cking, leading to CFTR degradation in the endoplasmic reticulum,

and (Class 3) causing defective protein regulation. The last 3 classes of mutations

a↵ect the functionality of the protein via (Class 4) a reduced ability to transport chlo-

ride through the CFTR channel, (Class 5) splicing defects that reduce the amount of

functional CFTR produced by the cell, or (Class 6) a decreased stability of the pro-

tein on the cell membrane (O’Sullivan and Freedman, 2009; Elborn, 2016). Genetic

complementation of the mutant CFTR gene with the wild-type version corrects the

defects in chloride channel function typical of CF (Rich et al., 1990), suggesting that

CFTR is critical for to the CF disease phenotype.

While mutations in CFTR are recognized as the necessary genetic factor which

precludes CF, there are a variety of modifier genes which have been recognized to play

a role in the severity of the CF phenotype. For example, a wide variation in disease

phenotypes are seen among those homozygous for the �F508 mutation (Collaco and
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Cutting, 2008; Kerem et al., 1990b) as well as within twin studies of CF disease (Col-

laco and Cutting, 2008). Evidence for the ability of these genes to modify CF disease

were either hinted at from studies of related diseases, were part of known functional

pathways linked to CF, or were identified via linkage studies CFTR (Collaco and

Cutting, 2008). There have been more than 30 such modifier genes identified, but

the search for modifier genes is limited by the number of available samples and small

patient populations (Drumm et al., 2005; Collaco and Cutting, 2008).

With CFTR characterized and sequenced, the majority of CF research moved

towards identifying a cure for the disease. Attempts have been made to use gene

therapeutics to deliver a functional copy of CFTR to mucosal sites within the body;

although success has been seen in vitro, this therapy has had little success in vivo

(Moss et al., 2007; Pickles, 2004; O’Sullivan and Freedman, 2009). More recently, a

series of molecules have been identified that improve the functionality of the mutant

CFTR protein. Correctors are CFTR modulating proteins which act as molecular

chaperones, helping to increase the number of CFTR proteins on the cell membrane

whereas potentiators increase the function of membrane-bound CFTR (O’Sullivan

and Freedman, 2009). Potentiators such as ivacaftor have shown success in phase 2

and 3 clinical trials for individuals with class 3 and 4 CFTR mutations (particularly

the G551D mutation of CFTR) and are approved therapies for patients with specific

mutations (Ramsey et al., 2011; Accurso et al., 2010). Combining this potentiator

with the corrector lumacaftor has seen some success in the more prevalent class 1 and

2 mutations, particularly in the predominant �F508 mutation (Boyle et al., 2014;

Wainwright et al., 2015; Cystic Fibrosis Foundation, 2013).
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Interestingly, exactly how alterations in CFTR cause the symptomatology of CF

has not been fully identified, though there are a number of leading hypotheses. It

is known that mutations in CFTR a↵ect mucosal membranes; specifically in the air-

ways, a decrease in functional CFTR alters the composition of the airway surface

liquid (ASL) (Clunes and Boucher, 2007). The high-salt hypothesis states that an

excess of sodium (Na) and chloride (Cl) in ASL caused by defective Cl transport by

CFTR disrupts the innate immune system (Clunes and Boucher, 2007; Smith et al.,

1996). Some elements of the innate immune system, such as human beta-defensin 1,

are highly sensitive to salt (Goldman et al., 1997); an increase in Na and Cl in the

ASL might leave the epithelia vulnerable to infection (Clunes and Boucher, 2007).

Conversely, the low volume hypothesis describes a defective CFTR that disrupts the

osmotic pressure at the epithelial interface, leading to a dehydrated airway surface,

impairing the ability of the epithelial cilia to clear the ASL via mucocilliary clearance

(Clunes and Boucher, 2007; Matsui et al., 1998; Button et al., 2012). Other hypothe-

ses suggest an inherent deregulation of the host inflammatory response (O’Sullivan

and Freedman, 2009; Tirouvanziam et al., 2000), or a disposition to infection due

to the ability of wild-type CFTR to bind microbes such as Pseudomonas aeruginosa

(O’Sullivan and Freedman, 2009; Campodónico et al., 2008). It is possible that the

phenotype observed in individuals with CF is a combination of aspects from all of

these hypotheses.

What is known, however, is that the e↵ects of dysfunctional CFTR are widespread

throughout the body. Although the respiratory tract is responsible for the majority of
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mortality in CF, the e↵ects on the gastrointestinal tract are widespread in the patient

population, typically manifesting as decreased digestive function and an accumulation

of mucus in the intestine which can lead to ileum obstruction (De Lisle and Borowitz,

2013). Inflammation along the gastrointestinal tract is also present in the majority

of CF patients, including increased levels of fecal calprotectin (Werlin et al., 2010;

De Lisle and Borowitz, 2013) and other inflammatory markers in the lumen (Smyth

et al., 2000; De Lisle and Borowitz, 2013). Additionally, incidence of Crohn’s disease,

an inflammatory bowel disease, is increased in CF (De Lisle and Borowitz, 2013).

Perhaps related to these phenotypes, the gut microbiota in CF di↵ers from that of

age-matched non-CF controls (Nielsen et al., 2016; Miragoli et al., 2016; Manor et al.,

2016). Mutations in CFTR are associated with increased incidence of chronic pan-

creatitis (Cohn et al., 1998) and pancreatic insu�ciency (Shwachman and Kulczycki,

1958), often leading to CF-related diabetes mellitus. Cirrhosis of the liver a↵ects

5-10% of CF patients, though the incidence of liver disease is more common (approx-

imately 30%) (Flass et al., 2015; Kobelska-Dubiel et al., 2014). Dysfunctional CFTR

also a↵ects the vas deferens, bone density, and, of course, the airways (Elborn, 2016).

1.5.1 The lower airway environment

While improvements in management of CF has led to an improved predicted median

survival age of 50.9 years of age (Cystic Fibrosis Canada, 2013), in the majority of

CF patients, morbidity and mortality is due to complications related to the airways.

In healthy individuals, the lower airway microbiota is a low-biomass collection of mi-

crobes which are generally the result of microaspiration of organisms present in the

URT (see Section 1.3); however, defects in the function of CFTR in the airways of
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individuals with CF create a lung environment ideal for bacterial growth (O’Sullivan

and Freedman, 2009). For example, increased ASL viscosity prevents the action of

the cilia on the epithelial cell surface from clearing aspirated organisms. Further, the

pH of the ASL is reduced in cells without a functional CFTR (Berkebile et al., 2014).

Because of this, and perhaps an inherent deregulation/dysfunction of the immune

system, aspirated bacteria persist in the LRT, leading to chronically colonizing lung

microbiota which can reach a density of 105-1010 colony forming units (CFUs) per

millilitre of sputum (Meyer et al., 1997; Stressmann et al., 2011b). In conjunction

with this atypical lung microbiota are chronic low levels of host inflammation, in-

cluding the recruitment of neutrophils (Armstrong et al., 1997; Khan et al., 1995);

the presence of neutrophil elastase has been observed early in the lungs of CF infants

(Cantin et al., 2015), and this inflammatory response may even preceed microbial

colonization (Heijerman, 2005). Further, increased levels of the pro-inflammatory

cytokines such as interleukin (IL)-8 and IL-17 have been measured in the CF LRT

(Cantin et al., 2015; Armstrong et al., 1997; Khan et al., 1995). These inflammatory

immune responses, including chronic neutrophil recruitment, can cause harm to the

host epithelia via release of proteases and oxidants resulting in tissue damage, remod-

elling, and bronchiectasis (Cantin et al., 2015; Sly et al., 2013).

While this airway environment is atypical, a general level of patient stability can

be maintained via an intense treatment regimen. In order to maintain a healthy

steady state, patients cycle through an assemblage of antibiotics and airway clear-

ance therapies. While there is no standard CF therapy, as treatment varies greatly

by clinician preference and the response of patients to such drugs, most commonly
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used antibiotics target known primary CF pathogens (Flume et al. (2009); Sibley

et al. (2009); for more detail on primary pathogens see Section 1.5.2). Tobramycin is

perhaps the most common anti-pseudomonal antibiotic used during maintenance pe-

riods (Ramsey et al., 1999; Kopp et al., 2015), often in the form of tobramycin inhaled

powder (TIP) (Geller et al., 2007). Other common anti-pseudomonal drugs include

the �-lactam antibiotics ceftazidime, aztreonam, and amoxicillin, most of which tend

to be prescribed during pulmonary exacerbation (see below) (Flume et al., 2009).

Additionally, various aminoglycosides, quinolones and �-lactams are used to treat ex-

acerbations thought to be caused by Staphylococcus aureus and Burkholderia cepacia

complex (Conway et al., 2003; Sza↵ and Hoiby, 1982). In addition to antibiotics cho-

sen for their specific bactericidal activity, azithromycin is also commonly prescribed

as a maintenance antibiotic (antibiotics prescribed outside of a pulmonary exacer-

bation) even though its mode of action is not well understood (Saiman et al., 2010;

Sibley et al., 2010a).

Along with antibiotics, other aspects of clinical treatment are important for the

care of individuals with CF. Recombinant human DNase is often prescribed to help

break down high molecular weight DNA thought to contribute to the viscosity of

airway sputum (Fuchs et al., 1994). Hypertonic saline is inhaled in order to im-

prove mucocilliary clearance in the LRT and decrease the prevalence of pulmonary

exacerbations (Reeves et al., 2015). Further, patients are encouraged to perform var-

ious airway clearance exercises including active cycle breathing techniques, positive

expiratory pressure (often via use of a resistor) and chest physical therapy. These

techniques are designed to help physically remove mucus buildup from the airways
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(Szego and Canadian Physiotherapy Group, 2017).

Despite these advancements in care, CF patients experience pulmonary exacerba-

tions (PEs) which are defined by increased respiratory distress (Goss and Burns, 2007;

Fuchs et al., 1994; Ramsey et al., 1999). The precise definition of PEs di↵er between

care centres and studies but is generally defined based on symptoms such as fever,

increased sputum production, dyspnea, a decrease in pulmonary function, change in

chest physical examination, increased sinus pain, and/or increased blood neutrophil

counts (Goss and Burns, 2007; Fuchs et al., 1994; Ramsey et al., 1999). While the

cause of PE onset is not well defined - and has been linked to environmental e↵ects

(Goss et al., 2004), viral acquisition (Hiatt et al., 1999; Goss and Burns, 2007), and

the strength of the immune response (Goss and Burns, 2007) - the lung microbiota

is known to play a large contributing factor (Carmody et al., 2013). In a percentage

of PEs, a decrease in a primary CF pathogen is observed at PE resolution; however,

this decrease does not predict improved clinical responses to PE treatment (Lam

et al., 2015). Instead, in many patients, a quantitative change in levels of a primary

CF pathogen is not observed (Rabin and Surette, 2012). Despite this, PE symptoms

typically decrease upon antibiotic therapy, implicating a bacterial role in these events.

Understanding the underlying cause of PE onset is critical to patient care. During

PEs, lung function, often measured in units of forced expiratory volume in 1 second

(FEV1), drops with the progression of symptoms. Following PE treatment and reso-

lution, the patient’s FEV1 often increases but rarely does lung function return to the

baseline pre-PE levels (Sanders et al., 2010). Thus, throughout a patient’s lifetime,
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cycles of relative stability and PEs progressively decrease lung function (Sibley et al.,

2009), ultimately causing mortality in the majority of patients (Heijerman, 2005; Ly-

czak et al., 2002). Typically, antibiotic therapy is directed towards the dominant

principle pathogen during PE treatment; however, emerging data on the complexity

of the CF lung microbiota (see Section 1.5.3), and the possibility of polymicrobial in-

fection, should alter the treatment of these events (Sibley et al., 2009). Without fully

understanding why/how PEs occur, it can be di�cult to treat the clinical symptoms

of a PE with the appropriate clinical therapies in a time-e↵ective manner, lengthen-

ing patient discomfort and contributing to decreasing lung function. Because of this

need, and the recognition that PEs are not only caused by primary CF pathogens,

the importance of analyzing the totality of the LRT microbiota in CF patients is

increasingly being recognized.

1.5.2 Principle pathogens in the cystic fibrosis lung

Of the bacterial species that make up the approximately 105 - 1010 CFUs/mL of

sputum in the CF lung (Meyer et al., 1997; Stressmann et al., 2011b), there are a

select number - detailed below - which have been associated with PEs and respiratory

infection in CF and are the organisms targeted by standard CF clinical microbiology

protocols (Fig 1.1) (Surette, 2014; LiPuma, 2010; Parkins and Floto, 2015).

Pseudomonas aeruginosa

Of the primary CF pathogens, the most notable is Pseudomonas aeruginosa. P.

aeruginosa is present in 50%-80% of adult CF patients (Lyczak et al., 2002; LiPuma,
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Figure 1.1: Age-specific prevalence of respiratory infections in CF individuals,
2014. This image, originally presented in The Canadian Cystic Fibrosis Registry’s 2014
Annual Report, outlines the incidence of principle lung pathogens in CF. (This image has
been reproduced with permission from CFC) (Cystic Fibrosis Canada, 2016).
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2010) and 37% of all Canadians with CF (Cystic Fibrosis Canada, 2016). Initial

colonization of this organism generally occurs within the first 3 years of life (Burns

et al., 2001) by an environmental strain of the bacterium (Lyczak et al., 2002). These

early stages of infection can be intermittent and involve multiple strains, but the

subsequent chronic infection, when P.aeruginosa is not eradicated with antibiotic

therapy, involves a single dominating strain (LiPuma, 2010). In most cases, mucoid

variants arise which are thought to better protect the bacteria from dehydration in

this unique environment (Berry et al., 1989; Fegan et al., 1990; Li et al., 2005). Pa-

tients harbouring mucoid P. aeruginosa often have a poorer prognosis then those not

colonized (Li et al., 2005). Another adaptation that P. aeruginosa makes in the CF

lung is the formation of small colony variants (SCVs). SCVs are small, often slower-

growing isolates which di↵er in phenotypic and/or pathogenic diversity compared to

the dominant colonizing strain (Proctor et al., 2006). SCVs of P. aeruginosa are often

antibiotic resistant and correlate with worse lung function (Malone, 2015). Further,

the colonizing strain of P. aeruginosa becomes regionally isolated in the lung over

time, allowing for increased genetic diversify and diversification of phenotypic traits

(Jorth et al., 2015). Although this dominant clone of P. aeruginosa typically colonizes

CF patients long-term without super-infection of other environmental strains, in some

cases epidemic strains of P. aeruginosa can supersede (McCallum et al., 2001). The

Liverpool Epidemic Strain, Prairie Epidemic Strain, and Australian epidemic strains

have increased antibiotic resistance and the ability to spread patient-to-patient, mak-

ing them a substantial threat to CF patient health (Cheng et al., 1996; Parkins et al.,

2014; McCallum et al., 2001; Duong et al., 2015). These adaptations of P. aeruginosa

are some examples of the evolutionary mechanisms that this organism uses within the
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CF lung. Colonization with P. aeruginosa decreases patient prognosis and increases

the onset of lung disease (Kerem et al., 1990a; Kosorok et al., 2001; LiPuma, 2010).

Staphylococcus aureus

Staphylococcus aureus can be cultured from approximately 48% of Canadian CF pa-

tients (Cystic Fibrosis Canada, 2013). It is thought that non-pathogenic colonization

of S. aureus in the URT lays the foundation for LRT infections in these individu-

als (Ulrich et al., 1998). Colonization with S. aureus is most common in children

and adolescents but can persist into adulthood (LiPuma, 2010). Colonization, es-

pecially in tandem with other primary pathogens such as P. aeruginosa, leads to a

poorer prognosis for CF patients (Limoli et al., 2016). Methicillin-resistant S. aureus

(MRSA) has increased in prevalence in the lungs of American CF patients; however,

incidence in Canada, Europe, and Australia has remained low (Fig 1.1) (Parkins and

Floto, 2015).

Burkholderia cepacia complex

Burkholderia cepacia complex (Bcc) currently consists of 17 species of closely re-

lated bacteria (LiPuma, 2010). While the genus Burkholderia contains many envi-

ronmentally associated species, only a fraction have been implicated in human dis-

ease (LiPuma, 2010). The prevalence of Bcc is lower than that of other primary

pathogens, infecting only 8% of adults with CF (LiPuma, 2010; Razvi et al., 2009).

However, infection with Bcc can have detrimental e↵ects, including increased risk of

death following lung transplant (Murray et al., 2008), and the prevalence of “cepacia
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syndrome” which includes a rapid decrease in lung function, pneumonia, and bacter-

aemia (Isles et al., 1984; LiPuma, 2010). Bcc is also correlated with decreased lung

function and episodic exacerbation (Govan and Deretic, 1996). Similar to those of P.

aeruginosa, several epidemic strains of Bcc have been identified that are capable of

interpatient transmission (LiPuma, 2010).

Haemophilus influenzae

Haemophilus influenzae commonly colonizes patients with CF early in childhood (Fig

1.1) (Bilton et al., 1995; Rosenfeld et al., 2001; Cystic Fibrosis Canada, 2016), and

is prevalent in 10.7% of the Canadian CF population (Cystic Fibrosis Canada, 2016).

This organism is a common member of the URT where it has been correlated with

infections such as otitis media and community-acquired pneumonia (Sánchez et al.,

1999; Leibovitz et al., 2003). H. influenzae has been implicated in biofilm formation

on the surface of airway epithelia, increasing inflammatory responses and ultimately

contributing to CF lung disease (Starner et al., 2006).

Streptococcus Milleri/Anginosus group

Di�culties in growing and identifying these organisms have kept them below the level

of detection for years; however, the development of Streptococcus Milleri/Anginosus

group (SMG)-specific media has allowed for the elucidation of the clinical significance

of this group of organisms (Bittar and Rolain, 2010; Parkins et al., 2008; Sibley et al.,

2008, 2010b). The discovery of SMG’s pathogenic role in CF exacerbations is owed in

part to the realization that anti-SMG antibiotics, such as ceftriaxone and clindamycin,

decreased numbers of SMG in patient sputum samples while simultaneously subsiding
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symptoms of PE (Parkins et al., 2008; Sibley et al., 2008). It has been suggested

that the SMG can act in synergy with anaerobic organisms such as Prevotella spp.,

another common colonizer of the CF lung, to cause pulmonary infection and abscesses

(Shinzato and Saito, 1994; Mendonca, 2017). Although the prevalence of SMG is not

widely reported, these organisms have been identified in up to 58% of patients in

some studies (Zhao et al., 2012; Surette, 2014; Parkins et al., 2008).

Other Principle Pathogens

Mycobacterium spp., including nontuberculous mycobacteria (NTM) is prevalent in

between 2-28% of individuals (LiPuma, 2010) and are di�cult to manage, given the

limited clinical insight into these microbes (Parkins and Floto, 2015). Achromobacter

spp. and Stenotrophomonas maltophilia are emerging CF pathogens; an increased

prevalence of these species may be due to resistance to increased antibiotic usage,

or simply from better culture and molecular surveillance (Parkins and Floto, 2015;

Rogers et al., 2003). Alcaligenes spp., often associated with infections of immune

compromised patients, have also been identified in the CF lung microbiota, though

incidence in Canada remains low (Fig 1.1) (Cystic Fibrosis Canada, 2016; Tan et al.,

2002). Additionally, multiple research groups have demonstrated a surprisingly high

number of anaerobic bacteria present in this environment (Tunney et al., 2008; Sib-

ley et al., 2011), suggesting their possible importance in CF exacerbations. Fungal

species, such as Aspergillus fumigatus also contribute to a decline in lung function

and have been associated with PE (Speirs et al., 2012).
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1.5.3 The cystic fibrosis lung microbiota

Although it is well established that the colonization of certain bacterial species in the

CF lung are associated with a poorer prognosis, the study of the CF lung environment

has steadily evolved from microbiological investigations of solitary bacterial species to

the study of the CF microbiota as an interconnected, ecological community (Conrad

et al., 2013; LiPuma, 2010). In 2003, Rogers et al. used culture-independent tech-

niques to investigate CF lung microbial communities directly from BAL and sputum

samples (Rogers et al., 2003). Since then, molecular methods, primarily 16S rRNA

gene sequencing, have been used to investigate the CF lung microbiota. The LRT of

CF patients is not simply home to a handful of pathogenic organisms (Tunney et al.,

2008; Harrison, 2007); instead, this polymicrobial environment harbors both tradi-

tional CF pathogens and organisms generally considered to be harmless commensals.

A series of studies have outlined the CF lung microbiota across patient populations

and disease states. Although a small number of primary CF pathogens are prevalent

across the CF population (Fodor et al., 2012), the totality of the CF lung microbiota

is highly variable across individuals (Coburn et al., 2015; Stressmann et al., 2011a)

and shown to be stable within a given individual over time (Fodor et al., 2012). It

has been suggested that the diversity of the CF lung microbiota declines with age

and progressive lung disease (Coburn et al., 2015; Bacci et al., 2016). While decline

in lung function can be seen in patients with progressive disease, stable patients often

have similar diversity scores to the end-stage of progressive disease even through their

FEV1 and other symptom scores remain high (Zhao et al., 2012). Generally, a small

number of OTUs whose taxonomic assignment correlate with primary CF pathogens
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dominate these communities (Zhao et al., 2012; Coburn et al., 2015).

Interestingly, given the plethora of CF lung microbiota studies, very few correla-

tions between these communities and the onset of PEs have been established. Zhao

et al. did not observe any changes in lung microbial communities between baseline,

PE onset, PE treatment, and recovering timepoints (Zhao et al., 2012). Longitudinal

studies have similarly not found statistically significant di↵erences between PE, pa-

tient stability, and other timepoints (Cuthbertson et al., 2015; Carmody et al., 2015).

Interestingly, Carmody et al. was able to establish a correlation between the genus

Gemella and PE onset (Carmody et al., 2013); however, this result has yet to be

validated in other studies.

There are a number of drawbacks to using culture-independent methods to study

the CF lung microbiota. Arguably the most important is the inability to di↵erentiate

between viable and non-viable cells (Surette, 2014; Whelan and Surette, 2015). While

a small number of studies have used RNA sequence analysis of the 16S rRNA gene

in order to capture the active subset of the CF lung community (Rogers et al., 2005;

Quinn et al., 2014), these studies have been limited by the ability to isolate quality

RNA.

A limited number of studies have moved beyond 16S rRNA gene sequencing into

studies of the CF lung metagenome and metatranscriptome. Metagenomic approaches
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have been used in a limited capacity as a means of demonstrating that these tech-

niques produce similar taxonomic profiles to that observed in 16S rRNA gene se-

quencing studies (Hauser et al., 2014). Further, metagenomics has been used to show

that it is possible to identify fungal and viral components with these methods (Lim

et al., 2014), and that the potential metabolic functionality of the microbiota of di↵er-

ent patients remains consistent even when their bacterial composition may not (Lim

et al., 2013). In the earliest study, Lim et al. identified antibiotic resistance mecha-

nisms as well as potential metabolic activities of microbes within the CF lung (Lim

et al., 2013). Expanding these studies, the CF lung has been shown to be enriched for

amino acid catabolism, folate biosynthesis, lipoic acid biosynthesis, and the fermen-

tation product 2,3-butanedione in the CF LRT (Quinn et al., 2014; Whiteson et al.,

2014). This technique has also been used to identify DNA viruses, including bacte-

riophages, (Willner et al., 2009; Moran Losada et al., 2016) along with dominating

P. aeruginosa or S. aureus strains (Feigelman et al., 2017). To-date, metagenomic

studies have largely reiterated previous findings using other available technologies.

A single metatranscriptomic methods paper reveals that these techniques are feasi-

ble with sputum samples (Lim et al., 2013). While prior research is important and

has broadened our understanding of the CF lung microbiota, all of these studies are

plagued with drastically low sequencing depths, e↵ectively burying all but the most

abundant organisms thought to be interesting and important for CF disease (Whelan

and Surette, 2015).
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1.6 Central Paradigm

It has been well characterized that the elderly population are more susceptible to res-

piratory infections such as pneumonia and influenza. However, the contribution of the

URT microbiota to these infections is not well understood. Sibley et al. (2011) and

others have shown that the combination of both culture-independent and -dependent

methods enhances the sensitivity of either method alone. The CF lung is not only

inhabited by principle CF pathogens but a diverse microbial community. In order to

better understand CF disease, particularly what drives the onset of PE, this commu-

nity needs to be better understood in its totality.

I hypothesize that using next generation sequencing technologies to appreciate

the totality of the microbial communities in the upper and lower airways will allow

us a bettering understanding of health and disease. Further, using these technologies

in parallel with culture-dependent techniques will increase the diversity of organisms

recovered. This approach will be applied to the URT of elderly individuals and

the LRT of those with cystic fibrosis in order to better understand the microbial

contribution to these states. Previous to these studies, a comprehensive assessment

of available 16S rRNA technologies will be performed and a reproducible pipeline will

be established in order to obtain the most biologically relevant interpretation of the

results.

1.6.1 Specific Hypotheses

1. I hypothesize that the microbial communities of the URT of elderly individuals

is altered in comparison to adults, making these individuals more susceptible
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to infection.

2. I hypothesize that using culture-dependent methods in conjunction with culture-

independent advancements in sequencing technologies will improve the taxo-

nomic and functional resolution of the CF lung microbiota in order to elucidate

microbial processes within the CF lung that contribute to the onset of PE.

1.6.2 Aims

Based on the above hypotheses, my research has been broken into the following Aims

as follows:

1. Create a reproducible, standardized bioinformatic pipeline for the processing of

16S rRNA gene sequencing data as a means of obtaining the most biologically

accurate results in order to test our hypotheses with (Chapter 2).

2. Compare the anterior nares and oropharyngeal microbiota in a cohort of elderly

individuals to publicly available samples of mid-aged adults from the HMP to

determine whether the di↵erences between these age groups observed in the gut

microbiota are mirrored in the URT (Chapter 3).

3. Conduct a longitudinal assessment of the CF lung microbiota in a subset of

individuals with CF in order to elucidate any potential taxonomic changes in

the CF lung microbiota upon PE onset (Chapter 4).

4. Conduct both direct and culture-enriched molecular profiling of the 16S rRNA

and metagenomic populations in CF patients during times of both exacerbation

and relative stability (Chapter 5).
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Chapter 2

sl1p: A computational pipeline for

the processing and analysis of 16S

rRNA microbiome sequencing data
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Preface
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2.1 Abstract

Advances in next-generation sequencing technologies have allowed for detailed, molecular-

based studies of microbial communities such as the human gut, soil, and ocean wa-

ters. Sequencing of the 16S rRNA gene, specific to prokaryotes, using universal PCR

primers has become a common approach to studying the composition of these mi-

crobiomes. However, the bioinformatic analyses of the resulting millions of DNA

sequences can be challenging, and a standardized protocol would aid in reproducible

analyses. The Surette Lab 16S rRNA Pipeline (sl1p, pronounced“slip”) was designed

with the purpose of mitigating this lack of reproducibility by combining pre-existing

tools into a computational pipeline. This pipeline automates the processing of raw

16S rRNA gene sequencing data to create human-readable tables, graphs, and fig-

ures to make the collected data more readily accessible. To choose high-performing,

biologically-relevant processing options as defaults for sl1p, data generated from mock

communities were compared using 8 OTU clustering algorithms, 2 taxon assignment

approaches, and 3 16S rRNA gene reference databases. While all of these algorithms

and options are available to sl1p users, through testing with human-associated mock

communities, AbundantOTU+, the RDP Classifier, and the Greengenes 2011 refer-

ence database were chosen as sl1p’s defaults. Finally, sl1p promotes reproducible

research by providing a comprehensive log file, and reduces the computational knowl-

edge needed by the user to process next-generation sequencing data. sl1p is freely

available at https://bitbucket.org/fwhelan/sl1p.
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2.2 Introduction

The recent surge of next-generation sequencing technologies have allowed the sci-

entific community to use marker genes, most popular of which being the 16S rRNA

gene, to more thoroughly understand mixed bacterial communities (i.e. microbiomes).

However, the adoption of any new technology requires standards and quality control.

Alongside a plethora of 16S rRNA gene amplicon studies, quality control e↵orts have

addressed the standardization of experimental and bioinformatic methods. For ex-

ample, laboratory standards have been proposed for the preparation and storage of

biological samples (Sinha et al., 2015; Dominiani et al., 2014; Zhao et al., 2011) as

well as procedures for the isolation and sequencing of DNA which mitigate environ-

mental contamination (Knudsen et al., 2016; Salter et al., 2014). Sequencing con-

trols have greatly reduced variability between laboratories and datasets (Salter et al.,

2014). Similarly, e↵orts have been made to standardize the bioinformatic processing

of amplicon sequencing results (Caporaso et al., 2010c; Schloss et al., 2009). Next-

generation sequencing technologies are subject to varying levels of sequencing error;

traditionally, processing of amplicon sequencing data has involved filtering based on

input sequence quality, followed by clustering of sequences into Operational Taxo-

nomic Units (OTUs) which are given a taxonomic label based on their similarity to

a known database (for e.g. (The Human Microbiome Project Consortium, 2012b;

Sze and Schloss, 2016; Planer et al., 2016)). Choice of algorithms for quality filtering,

OTU clustering, and taxonomic assignment have been shown to a↵ect the downstream

analysis of biologically meaningful results (Kopylova et al., 2016).

OTU clustering, typically computed at 97% sequence similarity, can be divided by

approach. Reference-based (or phylotyping) approaches, such as BLAST (Altschul
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et al., 1990) and UCLUST-reference (Edgar, 2010), compare input sequences to a ref-

erence database. In contrast, de novo-based approaches are independent of a reference

set. De novo approaches include hierarchical clustering methods such as Mothur’s av-

erage linkage algorithm (Schloss et al., 2009), and ESPIRIT (Sun et al., 2009), as well

as greedy algorithms such as CD-HIT (Li and Godzik, 2006; Fu et al., 2012), DNA-

CLUST (Ghodsi et al., 2011), UPARSE (Edgar, 2013), and AbundantOTU+ (Ye,

2011). Similarly, choice of taxonomic assignment algorithm and reference database

also vary across 16S rRNA amplicon studies.

Recent benchmark studies have helped identify some of the most accurate methods

in each of these categories. For example, Kopylova et al. identified a series of clus-

tering methods, including UPARSE and USEARCH, which outperformed the widely

used UCLUST algorithm (Kopylova et al., 2016). Schloss and colleagues have also

presented numerous comparisons of OTU clustering algorithms to find that de novo

methods out perform reference-based methods (Westcott and Schloss, 2015; Jackson

et al., 2016) and, more specifically, that the average neighbour algorithm often out-

performs all others (Schloss and Westcott, 2011; Westcott and Schloss, 2015; Schloss,

2016). Some comparisons of taxonomic methods have also been performed (for e.g.

(Mizrahi-Man et al., 2013)).

Without a comprehensive workflow, this surplus of available methods for 16S

rRNA gene data processing makes it di�cult to identify the most accurate ap-

proaches. Further, because each step has been developed independently, processing

often involves file and command line manipulations between steps; conducting these

manipulations in high-throughput is often inaccessible to a traditionally trained mi-

crobiologist, and makes it di�cult to reproduce or extend data analyses, hampering
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collaboration. Widely used and important tools, such as QIIME (Caporaso et al.,

2010c) and Mothur (Schloss et al., 2009), have aided in these issues; however, their

step-by-step approach and various parameters represent a significant barrier to e↵ec-

tive amplicon data processing and do not fully mitigate issues of reproducibility. To

combat this need for ease-of-use, reproducible data processing, and want of a non-

biased assessment of processing options, we developed the Surette Lab 16S rRNA gene

sequencing pipeline (sl1p, pronounced “slip”), a 16S rRNA data processing software.

sl1p takes Illumina-generated FASTQ files as input and automates all data processing

to produce a reproducible OTU table with taxonomic assignments. This pipeline is

compatible with any primer set or amplicon gene, and currently o↵ers access to 8

OTU clustering algorithms, 2 taxonomic assignment options, 3 16S rRNA gene refer-

ence databases, and 2 phylogenetic outputs. As presented here, the default processing

steps and software used in sl1p have been determined to be the most accurate available

approaches based on their assessment with HMP synthetic communities, and a set of

190 individually picked isolates. All steps in data processing are recorded in a log file

for future reference and reproducibility. sl1p is a tool designed to be accessible to the

microbiologist without detailed bioinformatic training; as such, it is fully automated,

needing one line input from the user upon startup. Further, the output of sl1p includes

an R markdown file with the appropriate code to visualize read counts per sample,

taxonomic assignments, ↵-, and �-diversity from which the user can begin their own

analyses. sl1p is freely available at https://bitbucket.org/fwhelan/sl1p.
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2.3 Methods

2.3.1 The sl1p pipeline

sl1p is a data processing pipeline developed for the automated, reproducible, and

accurate processing of paired-end amplicon FASTQ data (Fig 2.1 & Sup Fig A.1).

Input to sl1p includes (a) FASTQ reads in Illumina’s standard FASTQ format, and

(b) an ‘file of filenames’ file listing all FASTQ files and their location. Optionally,

the user can also include a sequencing information file if they wish to use primer sets

outside of the built in defaults (v3, (Bartram et al., 2011); v34, (Caporaso et al.,

2010a); v4 (Caporaso et al., 2010a; Walters et al., 2016; Parada et al., 2016; Apprill

et al., 2015)). Each step in sl1p’s data processing approach is recorded in a log file,

for future reproducibility; further, the standard error output of each step is recorded

to an error file to aid in any necessary de-bugging.

During initialization, the user can use command line flags to deviate from sl1p’s

default functionality (Sup Fig A.1). By default, quality filtering consists of cutadapt

(Martin, 2011) to trim the PCR primers from the FASTQ input, PANDAseq (Masella

et al., 2012) to align paired-end reads, sickle (https://github.com/najoshi/sickle) to

quality trim the resulting pairs, and USEARCH (Edgar, 2010), as implemented in QI-

IME (Caporaso et al., 2010c), to identify and remove chimeric sequences. Users have

the choice of 8 OTU clustering approaches: 5 greedy algorithms including Abun-

dantOTU+ (default; (Ye, 2011)), CD-HIT (Li and Godzik, 2006; Fu et al., 2012),

DNACLUST (Ghodsi et al., 2011), UCLUST (Edgar, 2010), and UPARSE (Edgar,

2013), and 2 reference-based approaches, BLAST (Altschul et al., 1990) and UCLUST

(Edgar, 2010), which can either be strictly closed (UCLUST-ref-strict) or conduct
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Figure 2.1: Schematic of the sl1p pipeline. The user input consists of FASTQ files
and processing parameters. Upon input, the user can choose to deviate from the default
parameters to choose from various options for OTU picking algorithms, taxonomic assign-
ment, and reference database. Every step that sl1p utilizes is recorded in log and error files
for the purposes of debugging, reference, and reproducibility. For more detail, see Sup Fig
A.1.
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closed clustering followed by de novo on any leftover sequence not matching the ref-

erence database (UCLUST-ref). Taxonomic assignment (and OTU clustering, where

appropriate) can be assigned using 2 methods, BLAST or the RDP Classifier (default;

(Wang et al., 2007)), against 3 reference databases: Greengenes Feb 2011 (default),

Greengenes Aug 2013 (DeSantis et al., 2006), and Silva Release 111 (Quast et al.,

2013). Finally, OTU tables, phylogenies, and preliminary analyses are conducted

using QIIME and R. Importantly, as part of sl1p’s commandline options, the user

can choose to run all possible combinations of OTU clustering algorithms, taxonomic

assignment methods, and choice of reference databases automatically with one com-

mand, making comparisons of available methods reproducible and easy to approach.

The sl1p pipeline is open source and publicly available at https://bitbucket.

org/fwhelan/sl1p. The pipeline is written in Perl and consists of one main script

which calls on auxiliary scripts to aid in reformatting data between steps as necessary.

Accompanying setup and install scripts are provided to download and install sl1p.

2.3.2 Generation of test datasets

The Human Microbiome Project Mock Communities (HMP-mock)

Genomic DNA of 2 unique representations of a 20 member mock community gen-

erated as part of the Human Microbiome Project (The Human Microbiome Project

Consortium, 2012a) was obtained from BEI Resources (Catalog Nos. HM-782D &

HM-783D; ATCC, Manassas, VA). The first sample (HMP-mock1) is an even distri-

bution of the 20 organisms from 17 genera, whereas the second (HMP-mock2) is a

staggered distribution of the same organisms (The Human Microbiome Project Con-

sortium, 2012a). For each sample, 3 PCR replicates were generated by using 1µl of
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genomic DNA PCR amplified using 1µl of dNTPs, 0.25µl of Taq polymerase (Life

Technologies, Carlsbad, CA) and 5µl of PCR primers designed for the v3 region of

16S rRNA gene (Bartram et al., 2011). These amplification products were then split

across two runs of the Illumina sequencer to generate sequencing replicates. Sequenc-

ing depth ranged from 5917 to 113,084 reads with an average of 57,257. A negative

PCR control was generated in parallel.

Single and Combined Isolate Controls (URTCul)

190 single colonies were picked from a collection of upper respiratory tract culture iso-

lates (URTCul) and restreaked until pure on appropriate solid agar plates. Once pure,

isolates were picked directly into 5% Chelex, boiled, and centrifuged at 13,000rpm for

5 minutes. 5µl of the supernatant was used as template for a 50µl PCR reaction of the

variable regions 8F-926R (Wang et al., 1999; Muyzer et al., 1993) of the 16S rRNA

gene and sequenced using Sanger sequencing. The resulting Sanger sequences for

each isolate were taxonomically assigned using independent blastn searches against

NCBI’s RefSeq database. Taxonomic assignments were made to the species level;

in the case of multiple species matching with percent identity within < 1% of each

other, multiple species names were included in the taxonomic assignment (for e.g.

g Streptococcus;s infantis mitis). This dataset contained 8 unique genera and 33

unique species.

For Illumina sequencing, PCR amplification of the v34 region (341F & 806R, (Ca-

poraso et al., 2010a)) was performed and sequencing was conducted in on an Illumina

MiSeq sequencer; each isolate was PCR amplified with its own unique barcoded primer

(Fig 2.2, URTCul-singles). A contaminant was identified as any sample having
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greater than 15% of reads assigned a taxonomy which di↵ered from the taxonomy

assignments of other reads at the family level or above in the OTU table produced

using sl1p’s defaults (9 isolates culled). The average number of sequenced reads per

isolates was 12 (range 1-81).

After amplification and Illumina sequencing of each isolate individually, the raw

FASTQ reads were combined in silico to create one sample (Fig 2.2, URTCul-

combined). Further, the taxonomic assignments of the Sanger sequencing results

were consulted to create a second in silico sample in which only uniquely identified

taxa were combined (Fig 2.2, URTCul-uniques). The artificial sequencing depths

of these 2 samples were 2148 and 423, respectively.

Publicly available dataset

Additionally, a publicly available dataset of human fecal microbiota samples (Bio-

project Submission SUB2392090; (Moayyedi et al., 2015)) was used in testing the

phylogenetic outputs of sl1p displayed in Figure 2.6.

2.3.3 Data processing comparisons

All output data processing comparisons were based on OTU tables, map files, and

phylogenies generated by sl1p v4.1 using the -p all -d all and -t all flags. All analyses

were computed in R using phyloseq (McMurdie and Holmes, 2013), ggplot2 (Wick-

ham, 2009), and reshape2 (Wickham, 2007) with the following exceptions. FastQC

(Andrews, 2010) was used to calculate FASTQ quality scores used in Figure 2.3.

Graphlan (Asnicar et al., 2015) was used to visualize phylogenies as presented in Fig-

ure 2.6. All data processing was computed on a standard personal desktop computer
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(i.) URTCul-single

(ii.) URTCul-combined

(iii.) URTCul-unique

16S rRNA gene PCR & Illumina sequencing

processing via sl1p

Culture human microbiome isolates

Streak isolates until pure

processing via sl1p

processing via sl1p

Figure 2.2: Schematic of URTCul mock community generation. Isolates were in-
dividually picked from solid agar plates and amplified using Sanger (amplicon length=918
bps) and Illumina (amplicon length=250bp) sequencing approaches. Following Illumina
sequencing, the resulting reads from each individually sequenced isolate were analyzed indi-
vidually (URTCul-singles), in combination (URTCul-combined), or as a combination
of each uniquely identified taxa (URTCul-uniques).
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running Ubuntu 14.04.

2.4 Results

The Surette laboratory 16S rRNA processing pipeline (sl1p) was developed as an

automated and reproducible 16S rRNA gene sequencing processing tool. In order to

determine the most accurate default settings of this tool, we systematically tested

various approaches within the sl1p workflow using 2 approaches (i.) 2 HMP mock

community samples (HMP-mock), and (ii.) 190 single bacterial isolates (URTCul-

singles) and their combination as a totality of the 190 sequencing results (URTCul-

combined) or the combination of unique taxa from this pool (URTCul-uniques).

2.4.1 sl1p removes low quality reads e↵ectively

One of the consequences of using next-generation sequencing technologies in high-

throughput is the propensity for sequencing error. For instance, Illumina technology

is known to have an increased error rate towards the 3’ end of the read, and that

the reverse read is generally of poorer quality then the forward. Mitigating this error

prior to OTU generation and taxonomic assignment is essential in order to refrain

from the generation of spurious OTUs.

sl1p utilizes a multi-step approach to quality control. Immediately following re-

moval of sequencing primers with cutadapt, forward and reverse reads are assembled

using PANDAseq. While many options are available for the merging of paired-end

reads, PANDAseq includes both quality filtering and read assembly. Across our PCR

and sequencing replicates of HMP-mock, approximately 12.5% of raw input reads
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were culled at this step (Fig 2.3a); the majority of culled reads were due to mis-

alignment of forward and reverse reads. Following, cutadapt was used to remove any

reads containing Illumina annealing or sequencing primers. While this step removed

only 2.7% of the HMP-mock input (Fig 2.3a), we have found it to be an impor-

tant way of removing erroneous sequencing results, and a measure of an infrequent

poor Illumina sequencing run. Next, sickle was used to trim quality sequence (and

to remove any reads < 100 bp post-trimming). It is at this stage where the most

quality-filtering is done, with an average 29.6% read loss (Fig 2.3a). However, it is

this strict quality filtering that results in clean, high-quality paired-end reads (Fig

2.3b); when we compare this strict threshold with lower quality cuto↵s, we begin to

see a decline in the final paired-end read quality as the cuto↵ drops below 30 (Sup

Fig A.2).

The last step in sl1p’s quality control workflow is chimera checking. Because 16S

rRNA gene amplicon data is generated via PCR amplification, chimeric sequences can

be an issue, especially if the PCR amplification reaction traverses a highly conserved

region as is the case for multi-variable region amplicons. As such, sl1p uses QIIME’s

implementation of USEARCH to conduct chimera checking on the generated paired-

end reads (Fig 2.1 & Sup Fig A.1). This approach is database-dependent; however

no significant di↵erences were observed between sl1p’s 3 options for reference database

(removal of 0.36%, 0.4%, and 0.39% of reads for Greengenes 2011, 2013, and Silva

Release 111, respectively on the HMP-mock data).

Following sl1p’s quality control workflow, an average of 55.2% of the raw input

HMP-mock reads remain. This percentage is higher than that found with the URTCul

dataset (mean of 30.4%); a greater number of unassembled paired-end reads (57.9%
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of raw input removed during PANDAseq alignment) were observed with the URTCul

v34 sequencing, possibly due to the shorter overlap in the target sequence (Sup Fig

A.3).
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Figure 2.3: sl1p e↵ectively removes low quality reads. A. sl1p’s quality control
workflow consists of paired-end assembly, removal of residual primers, quality trimming,
and length filtering. Here, the number of reads culled at each step is presented. Inline
percentages indicate the percentage of raw input reads which remain following the quality
control process. B. This process successfully removes bases of low quality from the resulting
paired-end reads as demonstrated here on the raw sequence input from 2 unique mock HMP
samples sequenced using 3 PCR and 2 sequencing replicates.

2.4.2 OTU clustering algorithms produce varying numbers

of OTUs compared to known input

Clustering of input reads into Operational Taxonomic Units (OTUs) has been the

most well-studied e↵ect on processed reads (Huse et al., 2010; Schloss and Westcott,

2011; Barriuso et al., 2011; Sun et al., 2012; May et al., 2014; Kopylova et al., 2016).

OTUs are typically clustered based on a 97% threshold based upon imperial studies

identifying this as the di↵erentiating threshold of species (Konstantinidis and Tiedje,
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2005); however when sequencing is restricted to small regions within the gene, this

threshold may provide di↵erentiation between the genus and species level, depending

on the organism in question (Mizrahi-Man et al., 2013).

sl1p provides 8 OTU clustering approaches from which the user can choose from

upon initialization of the pipeline. As expected, de novo clustering methods produce

observed OTU numbers independent of the reference database, whereas some vari-

ability in observed OTUs is seen with reference-based approaches (Fig 2.4). Most of

these options over-estimate the number of OTUs within the HMP-mock and URTCul

datasets when compared to the known taxonomic composition (Fig 2.4). This is

perhaps the most evident in the HMP-mock dataset where some algorithms, such as

DNACLUST, over-estimated sample diversity by almost 40x (Fig 2.4a, Sup Figs

A.4-A.5). When Swarm (Mahe et al., 2014) was compared using sl1p-generated

quality filtered reads, it also over-estimated sample diversity, though the removal of

singletons greatly reduced the number of spurious OTUs (Sup Fig A.6). When

OTUs with a successively small number of defined reads where culled, the number

of observed OTUs quickly converged to the expected community diversity (Sup Fig

A.7), suggesting that these spurious OTUs are often due to low abundance reads.

Other algorithms, such as UPARSE, under-estimated OTU abundance (Fig 2.4, Sup

Figs A.4-A.5). Of those tested, the approaches which most closely estimated within

sample OTU diversity in the HMP-mock samples were AbundantOTU+, UCLUST

closed reference picking, and UPARSE.

Within the URTCul-single dataset, in which each sample consisted of DNA from

a single bacterial colony, many OTU picking algorithms over-estimated sample diver-

sity in multiple samples (Fig 2.4b). UPARSE, with its own approach to sequence

50



Ph.D. Thesis - Fiona J. Whelan McMaster University - Biochemistry & Biomedical Sciences

Table 2.1: CPU time for OTU clustering approaches implemented in sl1p.
All calculations were computed on a standard Desktop running Ubuntu 14.04.

OTU picking approach CPU time (in mins)
AbundantOTU+ 3.38
BLAST 127.17
CD-HIT 13.32
DNACLUST 0.08
UCLUST 0.21
UCLUST-ref 0.69
UCLUST-ref-strict 0.82
UPARSE 0.28

quality control (Sup Fig A.1), often underestimated sample diversity. However,

many approaches, including AbundantOTU+, CD-HIT, DNACLUST, and UCLUST

often identified the sole OTU within the sample (Fig 2.4b). When these individually

sequenced isolates were combined, most OTU picking approaches estimated sample

diversity between the known number of genera and species present within the sam-

ples(Fig 2.4c). Notably, UPARSE again under-estimated diversity, generating 9 and

5 OTUs in the URTCul-combined and -unique samples, which consisted of 33 species

from 8 genera. As next-generation sequencing approaches become more accessible

to this field, the feasibility of implementing these methods on a common laboratory

desktop is increasingly more practical and should be considered (Table 2.1).

2.4.3 Choice of data processing algorithms a↵ect taxonomic

assignment

However, as has been previously addressed (Sun et al., 2012), what is more impor-

tant than simply the number of OTUs produced is how the taxonomic assignment
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Figure 2.4: OTU clustering methods perform variably. A. 8 methods were used
on control communities of known composition to report OTU counts compared to known
sample diversity (black dotted lines = number of genus; grey dotted line = number of
species). Non-bacterial sequences were removed as part of sequence processing. Similar
results were obtained when singletons were also removed (Sup Fig A.4). B. A group of
190 single isolates were independently sequenced in order to test varying OTU clustering
algorithm’s ability to correctly identify 1 OTU within the input sample. C. When these
individual isolates were combined, the number of OTUs generated often lies between the
known number of unique genus and species within the samples.
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and corresponding relative abundance of each taxa compares to the known sample

composition that truly matters. To measure this, we compared the known composi-

tion of the mock datasets to the OTU composition generated via sl1p’s options for

OTU clustering, taxon assignment, and reference database (Fig 2.5). The process-

ing options which showed the most similarity to a given mock community was highly

sample-dependent; for example, a combination of UPARSE, BLAST, and reference

database Greengenes 2011 showed the most similarity to the HMP-mock1 sample

whereas AbundantOTU+ and the RDP Classifier replaced UPARSE and BLAST

as the most accurate OTU picking algorithm and taxonomic assignment method in

HMP-mock2 and URTCul-combined (Fig 2.5a,c). Further, the combination which

produced the most similar output to the known composition of HMP-mock1 (UP-

ARSE, BLAST, and Greengenes 2011) produced one of the least similar outputs in

URTCul-combined (Fig 2.5a,c). In the URTCul-singles dataset, the most abundant

OTU’s taxonomic assignment was compared with the results of taxonomic assignment

based on full-length Sanger sequencing of the 16S rRNA gene. In this dataset, the

RDP Classifier produced the highest number of correctly assigned taxa accompanied

with either Greengenes 2011 and the Silva database (Fig 2.5b). These results indi-

cate the impact of sample composition as well as choice of OTU picking approach,

taxon assignment method, and reference database on the underlying biological impli-

cations of these data.

To further quantify these di↵erences, comparisons can be made between the known

taxa and relative abundance compared to each set of OTU picking, taxonomic assign-

ment, and reference database options (Sup Fig A.8-A.9). At this level of resolution,
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independent of the number of OTUs assigned to each genera, we can see that the pro-

portions of each genera output from sl1p reflect the expected proportions in each of

the HMP-mock samples. However, in some sets of processing options, some mis-

takes are made in taxonomic assignment. The combination of the RDP Classifier

and Greengenes 2013 database, for example, incorrectly identifies Flexispira of the

family Helicobacteraceae in place of the Heliobacter genus (Sup Fig A.8-A.9). In

other cases, the correct assignment is made, though more conservatively left at the

family, order, or class level (Sup Fig A.8-A.9); for example, Greengenes 2013 using

BLAST as the taxon assignment algorithm assigns some OTUs to the class Bacilli,

failing to di↵erentiate between the Bacillus, Listeria, Staphylococcus, Enterococcus,

and Streptococcus species present in this mock community. Overall, across all meth-

ods and the HMP-mock samples, BLAST in combination with Greengenes 2011 was

the only combination to provide no errors in taxonomic assignment. This accuracy

comes with a small increase in computing time compared with the RDP Classifier

(data not shown).

2.4.4 Choice of processing methods a↵ect biologically rele-

vant results of 16S rRNA gene sequencing

Like all bioinformatic pipelines and processing workflows, what is most important in

the output is the reflection of the true underlying biology in the results. While 16S

rRNA sequencing data can be analyzed in a number of ways in order to answer many

unique research questions, calculations of ↵ and � diversity are often fundamental to

analyses. ↵ diversity, or within sample diversity, is a calculation performed on each
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Figure 2.5: Taxonomic assignment is dependent on up-stream choices in 16S
rRNA gene processing. sl1p implements 2 methods of taxon assignment across 3 ref-
erence databases. By running all methods, we compared taxon assignment against an
expected control samples. A. The negated Bray-Curtis dissimilarity was used to identify
which taxonomically assigned OTU sets most closely matched the known composition of
the mock HMP communities (A.) and the combined URTCul isolates (C.). B. In a set
of 190 single isolate samples, the number of samples whose most abundant OTU correctly
matched full-length 16S rRNA Sanger sequencing results is displayed.
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sample within a dataset. This metric can be calculated using di↵erent indices de-

pending on the question at hand. Popular approaches include Shannon and Simpson

diversity as these indices incorporate both evenness and richness of the community

into their calculations (Shannon, 1948), (Simpson, 1949). Other metrics, such as

Chao1, are estimates of species richness (Chao, 1984). Using output of the sl1p pro-

cessing pipeline, we calculated the Shannon, Chao1, and Simpson diversity metrics on

the HMP-mock data (Fig 2.6a & Sup Fig A.10). Here, only the OTU clustering

algorithm contributes to the estimated richness and evenness of OTU composition,

except in the case of reference-based algorithms which are database-dependent (Sup

Fig A.1). We observe that the output of ↵ diversity metrics is dependent on the pro-

cessing methods employed. The range of calculated Shannon diversity scores within

the same sample processed using di↵erent commonly-used approaches is greater than

1.0 (range 1.54-2.84) (Fig 2.6a). Similarly, Chao1 estimates species richness any-

where from 20 to 2451 depending on data processing options employed; Simpson

diversity, in contrast, has much less observed variability between OTU clustering

methods and reference database choice. Interestingly, these metrics are also a↵ected

by changes in read depth as seen in the variation between sequencing replicates (Sup

Fig A.10a); rarefaction of reads somewhat reduces this variation (Sup Fig A.10b).

�, or between-sample, diversity is often used as a measure of di↵erence between

�1 sample state (e.g. health and disease). Similar to ↵ diversity, there are a variety

of distance metrics one can utilize depending on the question at hand. A popular

set of these metrics use the phylogenetic distances between OTUs as a contributor

to the distance score. Using sl1p, we discovered that the output of these metrics
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are dependent on how the accompanying phylogenetic tree is generated (Fig 2.6b-

c). Comparisons using Procrustes analysis show substantial di↵erences in the PCoA

plots generated using the weighted UniFrac method with di↵erent phylogenetic inputs

(Fig 2.6b-c). One approach recommended in the QIIME workflow, is the use of Py-

NAST (Caporaso et al., 2010b) and FastTree (Price et al., 2009) to create a multiple

sequence alignment and phylogeny of the representative sequence from each OTU in

the community (Fig 2.6d, default phylogeny). However, because this phylogeny

is reliant on the sequence diversity within the sequenced variable region, which is

often 100-300bp in length, it often does not reflect the true bacterial phylogeny

but instead creates paraphyletic phyla (Fig 2.6c). Because of this, sl1p generates

an alternate phylogeny which represents the Greengenes reference 16S rRNA gene

phylogeny trimmed to those OTUs present within the given dataset. Beginning with

a curated phylogeny means that the phylogenetic relationships between organisms

within a given sample set are preserved. Using these phylogenies to generate the

Weighted and Unweighted UniFrac metrics, summarized here as Principal Coordi-

nate Analyses (PCoAs), results in di↵erences in the calculated distance between the

samples within this community (Fig 2.6b-c). These results indicate that process-

ing options greatly a↵ect the output and potential interpretation of 16S rRNA gene

sequencing results.

2.5 Discussion

sl1p is an automated, reproducible 16S rRNA gene sequencing processing pipeline

that makes 16S rRNA data processing accessible to those without formal bioinfor-

matics training. sl1p is not restricted by variable region or choice of PCR primer set.
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Figure 2.6: Analyses of biologically-meaningful outputs are dependent on 16S
rRNA sequence processing. A. ↵ diversity metrics vary greatly between OTU picking
approaches, and are dependent on choice of reference database in the case of reference-
based OTU clustering methods. B-C. Phylogeny-dependent � diversity metrics, including
Weighted UniFrac (b) and Unweighted UniFrac (c), di↵er depending on the method of
phylogeny-generation. A comparison of the distribution of samples via a Procrustes anal-
ysis, indicates the impact that the phylogenetic tree makes on these data. D. sl1p gener-
ates 2 phylogenies. The default phylogeny represents the phylogeny generated as part of
the default QIIME workflow. The pruned phylogeny is generated by sl1p by pruning the
Greengenes reference phylogeny to those branches which are present within the sample set.
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In this study, we outline the workflow of this tool, which can be broken down into 3

main steps: FASTQ quality control, OTU clustering, and taxonomic assignment (Fig

2.1). We also show how sl1p can aid in the comparison of multiple options and the

e↵ects they have on downstream analyses. The quality control workflow within sl1p

was determined based on the parameters necessary to obtain high quality base pair as-

sembly along the length of each paired-end sequence (Fig 2.3). In order to compare

the e↵ect of various OTU picking approaches and taxonomic assignment methods,

mock communities were employed. Comparisons of OTU clustering algorithms dis-

played a wide range of predicted OTUs, generally over-estimating diversity. This,

as well as the under-estimations made by UPARSE (Fig 2.4), have been previously

shown (Kopylova et al., 2016; Schloss, 2016; Westcott and Schloss, 2015). Further, the

choice of taxonomic assignment algorithm and reference database greatly influenced

the predicted taxonomic composition of the communities (Fig 2.5).

Most importantly, the use of sl1p to compare data processing outputs (OTU ta-

bles, taxonomic summaries, and phylogenies) recognizes the e↵ect processing options

have on biological analyses (Fig 2.6). Popular ↵ diversity metrics such as Shannon

diversity is greatly a↵ected by OTU clustering option and sequencing depth (Fig

2.6a). These results have implications on the interpretation of microbiome studies

across manuscripts and research groups which may process their data using di↵er-

ent methods. Further, the di↵erences between sequencing runs have implications for

studies which are split across multiple sequencing runs due to size. Importantly,

the rarefaction of these data did not fully mitigate these e↵ects (Sup Fig A.10b).

Further, the alternative phylogenetic representation of the OTU data generated by

sl1p better describes the bacterial tree of life, allowing for more accurate � diversity
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distances to be calculated between samples, furthering our knowledge of di↵erences

between varying microbial communities.

The default parameters of sl1p were carefully chosen based on the analyses pre-

sented within this study. Of course, all algorithms and tools tested have their

own merits and niches within this widely growing field, and is reflected in the fact

that no set of tools out performed others in all circumstances (Fig 2.4-2.6). We

chose AbundantOTU+ as the default OTU picking approach. AbundantOTU+ most

closely predicted the correct number of OTUs within HMP-mock1, HMP-mock2,

URTCul-combined, and URTCul-unique, without under-estimating diversity. Abun-

dantOTU+ was also the tool able to correctly predict the highest number of single

isolate samples in the URTCul dataset. This method also performed well in tests

of correctly identified taxa, including the Bray-Curtis dissimilarity comparisons. For

choice of taxon assignment algorithm, we chose the RDP Classifier as sl1p’s default.

This tool consistently calculated the most number of accurate URTCul-singles iso-

lates, and out-performed or tied BLAST performance on Bray-Curtis dissimilarity

comparisons in all cases except for HMP-mock1. Lastly, Greengenes 2011 is sl1p’s

default reference database based on its superior performance in the Bray-Curtis dis-

tance comparisons of the HMP-mock communities and as one of the best choices for

genus-level taxon identification.

It is important to note that these default parameters are based on mock communi-

ties of human-associated microbes and may not represent the best combination of tools

in the study of other microbiota. The authors hope that by providing a pipeline in

which multiple OTU picking, taxonomic assignment, and reference database options

are easily accessible, that the user can choose to easily deviate from these defaults or
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conduct a subset of these comparisons, as they see fit.

The field of microbiome research is growing, and with it, new approaches to data

processing are in development. As such, we have written the sl1p code in a manner

that will allow for the easy addition, and subsequent testing, of additional approaches

to the pipeline. Because sl1p is freely available, others are free to modify the code as

they wish or to request improvements from the authors. Having a non-biased method

for tool comparison will be important for the maturation of this field.

In conclusion, we present a 16S rRNA gene sequence processing workflow with the

aim of generating the most biologically meaningful outputs for the furthering of 16S

rRNA gene sequencing techniques and microbiome research in general.
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3.1 Abstract

Rationale: The microbial communities inhabiting the upper respiratory tract protect

from respiratory infection. The maturity of the immune system is a major influence

on the composition of the microbiome and, in youth, the microbiota and immune

system are believed to mature in tandem. With age, immune function declines and

susceptibility to respiratory infection increases. Whether these changes contribute to

the microbial composition of the respiratory tract is unknown.

Objectives: Our goal was to determine whether the microbes of the upper respira-

tory tract di↵er between mid-aged adults (18�40 yr) and the elderly (>65 yr).

Methods: Microbiomes of the anterior nares and oropharynx of elderly individuals

were evaluated by 16S rRNA gene sequencing. These communities were compared

with data on mid-aged adults obtained from the Human Microbiome Project.

Measurements and Main Results: The microbiota of the elderly showed no asso-

ciations with sex, comorbidities, residence, or vaccinations. Comparisons of mid-aged

adults and the elderly demonstrated significant di↵erences in the composition of the

anterior nares and oropharynx, including a population in the anterior nares of the

elderly that more closely resembled the oropharynx than the anterior nares of adults.

The elderly oropharyngeal microbiota were characterized by increased abundance of

streptococci, specifically, Streptococcus salivarius group species, but not Streptococcus

pneumoniae, carriage of which was low (<3% of participants), as demonstrated by

PCR (n = 4/123).

Conclusions: Microbial populations of the upper respiratory tract in mid-aged

adults and the elderly di↵er; it is possible that these di↵erences contribute to the

increased risk of respiratory infections experienced by the elderly.
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3.2 Introduction

In a healthy individual, the nostrils, lined with ciliated epithelia, are responsible for fil-

tering the air we breathe for environmental particles and bacteria (Lemon et al., 2010).

Similarly, the oropharynx is the first line of defense against microbes from ingested

foods and inhaled air (Lemon et al., 2010). Even though their roles are analogous,

these biogeographies possess distinct microbial communities. In mid-aged adults,

the nostril, or anterior nares, is dominated by Actinobacteria (Propionibacterium,

Corynebacterium) and Firmicutes (Staphylococcus), whereas Firmicutes (Veillonella,

Streptococcus, Staphylococcus) are more prevalent in the oropharynx (Lemon et al.,

2010; Charlson et al., 2011). When the defences at these two locales are bypassed,

disease-causing microbes may colonize the upper respiratory tract and be aspirated

into the lower respiratory tract and lung, causing severe respiratory infection (Fein-

berg et al., 1990; Scannapieco, 1999).

Children (<5 yr) and elderly adults (>65 yr) are more susceptible to infections

that originate in the upper respiratory tract, such as influenza (Ahmed et al., 2007)

and pneumonia (Jokinen et al., 1993), than are mid-aged adults. In children, this

susceptibility steadily declines as the microbial communities and immune responses

of their upper respiratory tract mature (Oh et al., 2012; van Benten et al., 2005).

In the elderly, an aging immune system has been implicated in the increase of these

infections (Franceschi et al., 2000); however, the e↵ect of the upper respiratory tract

microbiota has not yet been considered. To investigate this possibility, we charac-

terized the microbial communities within the upper respiratory tract of an elderly

population using 16S rRNA gene sequencing. The microbial communities of the an-

terior nares and oropharynx of nursing home elderly were compared with the National
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Institutes of Healths publicly available Human Microbiome Project. As part of this

project, 242 adults, aged 18�40 years, were sampled at up to 18 body sites (NIH

HMP Working Group et al., 2009). Our findings indicate that the distinct nasal and

oropharyngeal microbiota present in adult populations is lost with age, and that the

nasal community is replaced with an oropharyngeal-like population of microbes. Both

locales are marked with a distinct increase in the relative abundance of Streptococ-

cus with age. We hypothesized that this increase of the streptococci might include

pathogenic species, such as Streptococcus pneumoniae, as the elderly have a high

rate of pneumococcal infections. We found, however, that only a small number of the

nursing home elderly (n = 4/123) had carriage of this species. Together, these results

indicate that both the anterior nares and oropharynx microbiota di↵er significantly

between mid-aged and elderly adults.

3.3 Methods

3.3.1 Participant selection criteria and sample collection

Elderly participants (68�96 yr old; mean = 80, n = 18 [13 females]) were recruited

from four nursing homes in Ontario, Canada between October and December 2010;

exclusion criteria included the use of immunosuppressive medications. Nasal swabs

(Copan ESwabs; Copan Diagnostics Inc., Murrieta, CA) were obtained from right and

left anterior nares, while throat swabs were obtained from the rear of the oropharynx.

Swabs were immediately submerged in Liquid Amies medium (Copan Diagnostics

Inc.), which was aliquoted into microcentrifuge tubes and cryopreserved at 22�C until

further use. These studies were approved by the McMaster Research Ethics Board,
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and informed consent was obtained for all participants.

3.3.2 DNA extraction and 16S rRNA gene amplification

DNA extraction was performed using a custom protocol and sequence amplification

of the 16S rRNA gene variable 3 (v3) region was conducted as previously described

(Bartram et al., 2011). Briefly, 300µl of sample was resuspended in 800µl of 200 mM

NaPO4, 100µl of guanidine thiocyanate–ethylenediaminetetraacetic acid–Sarkosyl.

The solution was homogenized using 0.2 g of 0.1�mm glass beads (Mo Bio, Carls-

bad, CA). Enzymatic lysis was performed using 50µl lysozyme (100 mg/ml), 50µl

mutanolysin (10 U/µl), 10µl RNase A (10 mg/ml), and incubation at 37�C for 1

hour followed by the addition of 25µl 25% sodium dodecyl sulfate, 25µl proteinase K,

and 62.5µl 5M NaCl followed by incubation at 65�C for 1 hour. Samples were then

pelleted via centrifugation at 12,000 X g and supernatant removed to a new micro-

centrifuge tube. An equal volume of phenol-chloroform-isoamyl alcohol was added

and the sample centrifuged. The solution with the lowest density was transferred to a

new microcentrifuge tube to which 200µl of DNA binding bu↵er (Zymo, Irvine, CA)

was added. Solution was transferred to a DNA column (Zymo), washed, and DNA

eluted using sterilized H2O.

Following this protocol, amplification of the 16S rRNA gene v3 region was per-

formed as previously described (Bartram et al., 2011). Briefly, 341F and 518R 16S

rRNA primers were modified for adaptation to the Illumina (San Diego, CA) platform

and included the addition of 6–base pair, unique barcodes to the reverse primer, allow-

ing for multiplex amplification. PCR amplification, separation by gel electrophoresis,

and gel extraction steps were completed as described in Reference (Bartram et al.,
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2011), with some modifications. Briefly, the amount of primer used was decreased to

5 pmol each, a Taq polymerase (Life Technologies, Carlsbad, CA) was used for am-

plification, and the cycling times were changed to 30 seconds for each step. Products

were then sequenced using the Illumina MiSeq platform.

3.3.3 Acquisition of National Institutes of Health human mi-

crobiome project data

Publicly available data collected from 242 healthy participants aged 18–40 years as

part of the National Institutes of Healths Human Microbiome Project were used as a

resource to compare the microbial communities of healthy mid-aged adult upper res-

piratory tracts to those in our nursing home cohort. It was ensured that the samples

collected from the anterior nares and oropharynx of our nursing home cohort fol-

lowed the same protocols as that of the Human Microbiome Project. Raw 16S rRNA

gene v13 and v35 sequences of all Human Microbiome Project samples was obtained

from their website (http:// hmpdacc.org) along with the available metadata (sex and

sequencing location). Sequences sampled from the anterior nares and throats of indi-

viduals were extracted from publicly available sequencing results using custom Perl

scripts created by F.J.W. and available upon request. The protocol and technologies

used by the Human Microbiome Project allowed these samples to be sequenced from

the v3 region through to v5, with an additional subset sequenced in the v13 regions.

The samples obtained from our nursing home cohort, however, were only sequenced

in the v3 region. To create comparable datasets, we trimmed the Human Microbiome

Project data to the v3 region using Cutadapt (Martin, 2011). This trimmed dataset

was used for all further analyses except where explicitly mentioned. The resulting
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sequence sets were processed as described subsequently here.

3.3.4 Sequence processing and analysis

Custom Perl scripts were developed to process the nursing home cohort sequences

from Illumina sequencing. First, Cutadapt (Martin, 2011) was used to trim any reads

surpassing the length of the v3 region. Resulting paired-end sequences were aligned

with PANDAseq (Masella et al., 2012). Operational taxonomic units (OTUs) were

picked using AbundantOTU+ (Ye, 2011) with a clustering threshold of 97%. Tax-

onomy was assigned using the Ribosomal Database Project classifier (Wang et al.,

2007) against the Greengenes (February 4, 2011 release) reference database to the

genus level (DeSantis et al., 2006). A total of 2,429,732 reads (an average of 67,492.6

reads per sample with a range of 2,189-171,376) and 1,790 OTUs (an average of 291.4

OTUs per sample with a range of 76-460) were obtained from the 36 nursing home co-

hort samples. Samples were rarified to 2,000 sequences for all analyses of the nursing

home cohort, and 1,000 sequences in the case of comparisons of the Human Micro-

biome Project and nursing home cohort samples. ↵- and �-diversity measures were

calculated using the phyloseq R package (McMurdie and Holmes, 2013). Summaries

of the relative abundances of taxonomies were computed using Quantitative Insights

Into Microbial Ecology (Caporaso et al., 2010c). Statistical significance of the relative

abundance in the mid-aged adult and elderly anterior nares, the mid-aged adult and

elderly oropharynx, and the elderly anterior nares and oropharynx were computed in

Quantitative Insights Into Microbial Ecology (Caporaso et al., 2010c) using ANOVA

methods and deemed significant if the false discover rate–corrected P value was less

than or equal to 0.05.
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Multiple sets of sequence processing were performed. First, the data from the nurs-

ing home cohort was processed and analyzed alone; second, the nursing home cohort

was processed in conjunction with the Human Microbiome Project data. Analyses of

the v13 and v35 Human Microbiome Project data with our nursing home cohort sam-

ples were conducted to ensure that trimming did not a↵ect results (see Figure B.1).

The v3 regions from the nursing home cohort and Human Microbiome Project were

used for the comparisons in this article (unless otherwise stated). Third, to ensure

that the Human Microbiome Project adult data were comparable, adult oropharynx

samples collected as part of another study (n = 32) were processed and analyzed

together. These samples grouped with the Human Microbiome Project oropharynx

swabs when taxonomic composition was examined (data not shown).

3.3.5 S. pneumoniae colonization in the nursing home co-

hort

In December 2009, 123 nursing home elderly (�65 yr) were prospectively enrolled in a

point prevalence study to determine the proportion of S. pneumoniae colonization in

residents without respiratory symptoms in a nonoutbreak setting. All residents had a

swab of their anterior nares (ESwabs) obtained by a trained research nurse. Residents

were enrolled from four nursing homes in Ontario, Canada. Baseline characteristics

for all participants were prospectively collected from patient charts.

Total DNA from the anterior nares swabs was obtained using automated easy-

MAG (bioMerieux, Marcy l’Etoile, France) and placed in elution bu↵er. The real-time

PCR was performed according to the methods described by McAvin and colleagues

(McAvin et al., 2001) using the autolysin gene (lytA) as a target. Positive specimens
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were confirmed by a second PCR reaction using primers specific for rpoB as described

in (Fazeli et al., 2013) and sequencing. This study was approved by McMaster Uni-

versity’s Research Ethics Board. Written informed consent was obtained from all

participants or their legally authorized guardian.

3.3.6 Generation of phylogenetic trees of Streptococcus species

For the examination of the OTUs assigned to the Streptococcus genus, the representa-

tive sequence from each OTU assigned to the genera and contributing to 1% or greater

relative abundance in any of the four groupings (mid-aged adult anterior nares, el-

derly anterior nares, mid-aged adult oropharynx, elderly oropharynx) were collected.

The v3 regions of all Streptococcus sequences from known species were extracted from

the Human Oral Microbiome Database using Cutadapt (Martin, 2011) and custom

Perl scripts (available from F.J.W.). These sequences were aligned using MUSCLE

(Edgar, 2004) and phylogenies created with MrBayes (Ronquist and Huelsenbeck,

2003) using the generalized time reversible 1 gamma evolutionary model and run for

10 million generations.
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3.4 Results

3.4.1 Sex, comorbidities, housing, and prior history of vac-

cination do not influence the microbial communities of

the upper respiratory tract in the elderly

Samples of the anterior nares and oropharynx were collected from 18 individuals

aged 68�96 years residing at four nursing homes in Ontario, Canada. This nursing

home cohort was analyzed for its microbial content using 16S rRNA gene profil-

ing, as described in Section 3.3. To examine whether variables such as sex, various

comorbidities, nursing home residence, or vaccination schedules contributed to the

microbial composition of the elderly, �-diversity measures on OTU composition were

calculated using principal coordinate analyses with the weighted UniFrac metric (Fig

3.1). These data demonstrate that the composition of the nursing home cohort sam-

ples was not determined by any of the metadata variables collected, including sex,

age, participant comorbidities, and vaccination schedules (Fig 3.1, Table B.1). The

participant’s nursing home residence did not associate with sample OTU composition,

indicating that any di↵erences in daily routine, diet, or residence geography did not

contribute to the upper respiratory tract microbiota (Fig 3.1a). In addition, analysis

of �-diversity showed no correlation of the upper respiratory tract microbiota with

various comorbidities (e.g., chronic obstructive pulmonary disease, congestive heart

failure, coronary artery disease, asthma, dementia), or vaccinations (e.g., annual in-

fluenza vaccine 2009 and 2010, pneumococcal polysaccharide vaccine, etc.) (Fig 3.1b

and Fig 3.1c, Table B.1). In addition, there were no di↵erences in microbiota com-

position between males and females (Fig 3.1d). Perhaps most interestingly, Figure
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3.1e shows no clustering based on the biogeography of the sample (anterior nares

or oropharynx). These results are surprising given that previous research has shown

marked di↵erences in these upper respiratory tract locales in mid-aged adults (Lemon

et al., 2010).

3.4.2 There is a distinct loss of topography in the upper

respiratory tract microbiotas of mid-aged and elderly

adults

The lack of distinct topographies of the nursing home cohort samples by sample bio-

geography (anterior nares or oropharynx) was unexpected. To determine how the

microbial composition of the elderly related to that of mid-aged adults, we compared

the nursing home cohort swabs to mid-aged adult anterior nares and oropharyngeal

samples collected as part of the publicly available National Institutes of Health Hu-

man Microbiome Project. �-diversity measures conducted using weighted UniFrac

demonstrate that distinct nasal and oropharyngeal communities observed in mid-

aged adults are lost with age (Fig 3.2a). With exception of a few individuals, the

anterior nares and oropharyngeal swabs collected from elderly participants were lo-

cated between the two distinct clusters of mid-aged adult nasal and oropharyngeal

samples. These observations were confirmed by similar clustering results when other

�-diversity measures (unweighted UniFrac, Bray-Curtis) were employed (Fig B.2). It

is interesting to note that there is a subset of samples from the elderly that associate

closely with the mid-aged adult biogeographies, indicating that the changes in these

locales are dependent on the individual, and may occur at di↵erent stages in the aging

process. The microbial communities of the elderly nares and oropharynx overlap in
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Figure 3.1: Principal coordinate analyses (PCoA) of nursing home cohort using
weighted UniFrac. The microbial populations from samples of the anterior nares and orophar-
ynx obtained from nursing home elderly do not associate with residence home (A), comorbidities
(B), vaccination schedules (C), sex (D), or by swab geography (E). 16S rRNA gene profiling of
the anterior nares and oropharynx were examined in relation to multiple metadata variables. No
obvious association or grouping of similar phenotypic information was observed, including a lack
of distinction between the biogeographies examined. (B and C) Representative examples of the
lack of associations witnessed in relation to multiple comorbidities and vaccinations; the additional
data that were analyzed are outlined in Table B.1. �-diversity measures were conducted using
weighted UniFrac and visualized using PCoA. COPD = chronic obstructive pulmonary disease; PC
= principal coordinate.
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the principal coordinate analyses representation of �-diversity, which indicate that,

in contrast to mid-aged adults, they are not composed of distinct communities (Fig

3.2a). However, microbial communities of the anterior nares and oropharynx of indi-

vidual participants rarely cluster together (Fig 3.2b). This suggests that, although

these nasal and oropharyngeal communities in the elderly are not distinct from each

other, each individual remains heterogeneous in his or her nasal and oropharyngeal

microbial composition.

Figure 3.2: The distinct topographies between the microbial communities of the an-
terior nares and oropharynx of adults are lost with age. (A) �-diversity measures were
used to compare upper respiratory tract biogeographies between adult and elderly individuals. The
16S rRNA gene profiles of the mid-aged adults were obtained from National Institutes of Healths
Human Microbiome Project and were compared with samples from the elderly. These data suggest
that there is little separation of nasal and oropharyngeal samples in the elderly, but that distinct
di↵erences between these populations exist in mid-age. (B) Even though there is little separation of
these biogeographies in the elderly population as a whole, the microbiota of the anterior nares and
oropharynx of a given individual (connected with lines) are rarely similar to each other. �-diversity
measures were conducted using weighted UniFrac and visualized using principal coordinate analyses.
HMP = Human Microbiome Project; NHC = nursing home cohort; PC = principal coordinate.
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3.4.3 Genus-level taxonomic compositions of the nasal and

oropharyngeal microbial communities

The distributions of microbial taxa were combined to produce an average represen-

tation of the taxonomic summaries for the anterior nares and oropharynx in both

mid-aged and elderly adults. All taxa with abundance above 1.0% are displayed in

Figure 3.3; a summary of all taxa present at a relative abundance below 1.0% can be

found in Figure B.3. The oropharynx of mid-aged adults was dominated by Strepto-

coccus (26.1%), Prevotella (14.1%), and Veillonella (8.9%). The elderly oropharynx

was likewise dominated by these three genera; however, the relative abundance of

Streptococcus increased to 44.0% of the total population in these samples. There was

also a statistically significant increase in Lactobacillus and Lactococcus species in this

population, in addition to 61 other statistical di↵erences (Fig 3.3, Table B.2 &

B.3).

The nasal microbial communities of the mid-aged and elderly adults are distinct.

Although the mid-aged adults are dominated by Corynebacterium (28.5%), Propioni-

bacterium (29%), and Staphylococcus (16.9%), the elderly populations are dominated

instead by Prevotella (9.0%), Veillonella (4.7%), Streptococcus (29.6%), and by a

lesser amount of Staphylococcus (8.2%). The taxonomic distributions of the elderly

anterior nares were more similar to the mid-aged adult oropharynx than to the mid-

aged adult anterior nares (Fig 3.3).

When the anterior nares and oropharyngeal samples from the elderly were com-

pared with each other, there were no statistical di↵erences between the biogeogra-

phies. This is striking given the distinct topographies of these locales in mid-aged

adults, and indicates that, although mid-aged adults possess very di↵erent taxonomic
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distributions in the anterior nares versus the oropharynx, the elderly are quite ho-

mogenous at these sites.

Figure 3.3: Significant changes in the taxonomic composition of the upper respiratory
tract microbial populations explain the loss of topography with age. Taxonomic sum-
maries of the anterior nares and oropharynx of the adult and elderly populations di↵er. Taxonomic
information from participants in each group was summarized to assist in visual comparisons (see
Section 3.3). Each bar represents the bacteria present in each group; all bacterial groups present
at 1% or greater are labeled (see Figure B.3 for lower abundant taxa). Asterisks mark those taxa
that are significantly di↵erent (false discover rate-adjusted P < 0.05) between the adult and elderly
populations in each biogeography. Taxa summaries are indicated as being resolved to the order (o),
family (f), or genus (g) level where appropriate.

3.4.4 The OTU composition within the Streptococcus genera

di↵ers between the biogeographies of the mid-aged and

elderly adults

One of the largest di↵erences in species relative abundance between the four groups

examined (anterior nares and oropharynx in mid-aged adults and elderly) was in

the Streptococcus species. This genus contains approximately 55 human-associated

species with a wide range of pathogenic phenotypes (Facklam, 2002). Species such

as S. pyogenes and S. agalactiae are pathogenic, causing diseases such as impetigo,

bacterial pharynitis, and neonatal sepsis, whereas others (e.g., S. salivarius and S.

78



Ph.D. Thesis - Fiona J. Whelan McMaster University - Biochemistry & Biomedical Sciences

oralis) often colonize, but rarely cause disease (reviewed in (Facklam, 2002)). The

elderly are at increased risk of respiratory infection which may be attributed to an

increased carriage of pathogenic streptococci. Consequently, we attempted to identify

the species that are represented by the OTUs in this genus.

The relative abundance of each OTU assigned to the genus Streptococcus was ex-

amined and is displayed in Figure 3.4a. Two OTUs (OTU #1 and OTU #2) account

for the majority of the relative abundance of the streptococci in each type of microbial

community examined. In addition, across both biogeographies in both age groups,

there were six OTUs that contributed 1% or greater of the relative abundance of the

streptococci in any of the four groups. The mid-aged adult oropharynx possesses the

most richness in Streptococcus, and it appears that this richness is diminished with

age (Fig 3.4a). Interestingly, when ↵-diversity measures were conducted on these

populations, the mid-aged adult oropharynx samples had a mean richness score well

above that of the elderly oropharynx samples (Fig B.4), indicating that this loss in

diversity may not be unique to the streptococci.

The representative sequences from each OTU were compared phylogenetically to

the 16S rRNA gene v3 region of the streptococci in the Human Oral Microbiome

Database (Chen et al., 2010) (Fig 3.4b). Although species-level taxonomic identifi-

cation with only the 200–bp v3 16S rRNA gene region is not possible, phylogenetic

approaches allow us to define which group(s) the OTUs represent. Using this ap-

proach, OTU #1 was identified as belonging to the salivarius group (S. salivarius, S.

thermophilius, S. vestibularis). There is an increase in the relative abundance of this

OTU when the mid-aged and elderly adult oropharynx groups are compared. OTU

#2, along with 55, 64, 91, and 318, clustered with a subclade within the mitis group
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Figure 3.4: The relative abundance of the Streptococcus di↵ers depending on partic-
ipant age and sample biogeography. (A) When we examine the operational taxonomic unit
(OTU) composition of the streptococci group, it is evident that a population of Streptococcus from
OTU #1 and #2 contribute to the increased relative abundance of this genus in the anterior nares
with age. In addition, an increase in OTU #1 accounts for most of the di↵erences between the adult
and elderly oropharynx locales. There is also a species richness within the Streptococcus of the adult
oropharynx, which is lost in the elderly population. (B) Representative sequences from all OTUs
with 1% or greater relative abundance in any group of samples (mid-aged adult or elderly anterior
nares or oropharynx) that were analyzed phylogenetically in relation to the Streptococcus species
in the Human Oral Microbiome Database (Chen et al., 2010). The phylogeny identifies OTU #1 as
belonging to the Streptococcus salivarius group; all other representative sequences are members of
the Streptococcus mitis group. These results where verified using BLAST against National Center
for Biotechnology Informations Reference rRNA database (Table B.4).
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that includes S. pneumoniae, S. mitis, and S. oralis among others. Two OTUs (54

and 159) were identified as belonging to another subclade of the mitis group, which in-

cludes S. sanguinis, S. parasanguinis, S. sinensis, and S. peroris. It should be noted

that there is no phylogenetic separation between mitis subclade 1 and the mutans

group, meaning that the six OTUs assigned to this clade could represent members of

the mutans group instead of the mitis group; however, additional BLAST searches of

the representative sequences of these OTUs against the National Center for Biotech-

nology Information Reference rRNA database (Pruitt et al., 2009) indicate that these

sequences are most likely from the mitis group (Table B.4).

3.4.5 Evaluation of the presence of S. pneumoniae in the

anterior nares of elderly nursing home residents

The lack of species-level identification of the highly diverse streptococci mean that

the relatively high abundance of Streptococcus OTUs in the elderly nostril, com-

pared with that of the mid-aged adult, cannot be distinguished as a high carriage of

pathogenic or nonpathogenic species. Specifically, carriage of S. pneumoniae in the

upper respiratory tract is a prerequisite to pneumococcal disease, to which the elderly

are particularly susceptible (Bogaert et al., 2004). To determine whether the increase

in carriage of streptococcal species was due in part to increased carriage of S. pneu-

moniae, real-time PCR targeting S. pneumoniae was conducted on a separate cohort

of nursing home elderly. DNA from the anterior nares were examined for lytA, an

important virulence factor of S. pneumoniae (Berry et al., 1989), which is often used

to detect the presence of this species (McAvin et al., 2001). Of the 123 participants

involved in the first study, only 7 were positive for the target gene; of these, 4 were
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confirmed with a secondary PCR reaction and sequencing (Table B.5). Of these four

confirmed carriages of S. pneumoniae, three had received the pneumococcal vaccine

in the last 5 years (Table B.5). Thus, it is likely that the increased abundance of

OTU #1 in our nursing home cohort population does not represent an increase in S.

pneumoniae, but instead of other mitis species.

3.5 Discussion

The complex interactions between the host and the microbial communities in which

they reside are starting to be explored with improved sequencing technologies and

computational approaches. However, these interactions change and evolve over our

lifetimes. Babies are colonized within minutes of birth by the microbiota of their

mothers (Johnson and Versalovic, 2012), and, as they grow into children, have upper

respiratory tract microbial communities that fluctuate over time, and often include

carriage of Staphylococcus aureus, Haemophilus influenzae, and Moraxella catarrhalis

(Oh et al., 2012; Bogaert et al., 2011), which make children more susceptible to dis-

eases, such as pneumonia, meningitis, and bacteraemia (Kwambana et al., 2011). As

children age, their immune responses and microbial communities stabilize into those

characteristic of mid-aged adults (Oh et al., 2012; van Benten et al., 2005). These

communities and a stable immune system keep upper respiratory tract infections in

adults at bay. However, after the age of 65 years, respiratory infections become in-

creasingly frequent (Mouton et al., 2001). With age, immunosenescence causes an

increase in proinflammatory markers and a decreased ability to handle immune stress

(Franceschi et al., 2000). Given the parallels in infection and dysregulated immune

responses between children and the elderly, it is reasonable to hypothesize that the
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microbiome of the elderly might become similarly disordered.

Swabs of the anterior nares and oropharynx of nursing home residents were col-

lected and analyzed using 16S rRNA gene sequencing to determine the microbial

composition of these biogeographies. Surprisingly, when compared using �-diversity

measures, there was no grouping of samples by nursing home residence, comorbidi-

ties, vaccination, or between the anterior nares and oropharynx (Fig 3.1). This is in

stark contrast to studies of the gut microbiome of the elderly, which demonstrated as-

sociations between residence, diet, and various comorbidities (Claesson et al., 2016).

This suggests that perhaps the upper respiratory tract and gut microbiota respond

di↵erently to environmental factors. The microbial composition of the anterior nares

and oropharynx of the elderly were not distinct from each other, which was unex-

pected given the literature on the distinct topographies in mid-aged adult popula-

tions (Lemon et al., 2010; Charlson et al., 2011). When the taxonomic compositions

of these locales in mid aged and elderly adults were compared, it was evident that

these microbiota di↵er with age. The relative abundance of dominating organisms

and, in the case of the anterior nares, the dominating organisms themselves, varied

between age groups (Fig 3.3). The e↵ects of age were most prominent in the anterior

nares; in particular, this community in the elderly was more similar to the mid-aged

adult oropharynx than to the mid-aged adult anterior nares, suggesting that the

nasal community is lost with age. Interestingly, Charlson and colleagues (Charlson

et al., 2011) discovered that, in mid-aged adults, the nose is the only location in

the respiratory tract that di↵ers statistically in terms of its taxonomic composition.

This distinct nasal microbial population is the interface between the respiratory tract

and the environment; its loss in the nursing home elderly may account for increased
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susceptibility to respiratory disease.

Because of the di↵erences in the relative abundance of Streptococcus between the

age groups at each biogeography, we compared the OTU composition within this

genus. The streptococci consist of pathogenically diverse species, many of which are

associated with respiratory infection (Facklam, 2002). By phylogenetically comparing

the OTUs assigned to this genus to the Streptococcus species present in the Human

Oral Microbiome Database (Chen et al., 2010), we were able to narrow down the

identification of each OTU to a particular group within the Streptococcus (Fig 3.4).

We discovered that there was an increase in the relative abundance of OTU #1

(phylogenetically assigned to the salivarius group) between the mid-aged and elderly

adult oropharynx. One of the first colonizers of the oral cavity of neonates (Rotimi

et al., 1985), S. salivarius has the ability to cause bacteraemia (Ruo↵ et al., 1989),

and meningitis in the immunocompromised (Laurila et al., 1998). The increase in this

organism may cause disorder to the upper respiratory tract population, contributing

to an increased susceptibility of pathogen carriage in the elderly. In addition, there

are numerous low-abundance streptococci OTUs in the mid-aged adult oropharynx

that are not present in the elderly. It is possible that this loss of species richness

opened up an environmental niche, allowing the S. salivarius group to flourish. OTU

#2, assigned to the Streptococcus mitis group, was consistently abundant within the

oropharynx of mid-aged and elderly adults, but was greatly increased in the anterior

nares of the elderly compared with that of the mid-aged adult. The S. mitis group

is a heterogeneous family that includes commensals and known pathogens, including

S. pneumoniae. Further PCR analyses specific for S. pneumoniae indicate that the

increase of streptococci in the anterior nares is likely not caused by an increase in
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this species. This result was surprising given the surge of pneumonia and meningitis

in the elderly (Crossley and Peterson, 1996); however, these results are in line with

previous studies on the carriage rates of S. pneumoniae within the elderly (Ridda

et al., 2010; Flamaing et al., 2010). Additional research has found that the elderly

experience short episodes of carriage when compared with younger age groups (Ridda

et al., 2010) and that, on average, only a very small percentage (10%) are colonized

at any given time (Flamaing et al., 2010). It is instead likely that this OTU represents

non-pneumoniae members of the mitis group.

In this study, we compared publicly available data on the microbial composition

of healthy mid-aged adult anterior nares and oropharyngeal samples to those of el-

derly residing in nursing homes. A limitation of this study is the inherent frailty and

consequences of institutionalized living of these elderly individuals. We believe that

the di↵erences witnessed in these elderly participants when compared with healthy

mid-aged adults are representative of the elderly population as a whole, given that the

microbial communities of these individuals did not associate with the 12 comorbidities

analyzed as part of this study (Table B.1); however, we suggest that further research

conducted on community-dwelling elderly individuals should be completed, and com-

pared with that of healthy adults and nursing home-dwelling individuals. Although

we did not measure the impact of geographical diversity in this study (all individuals

lived within 1,000 km2), when data from an independent study of the oropharynx was

sampled from mid-aged adults residing in southern Alberta and compared with those

oropharyngeal sequences generated as part of the Human Microbiome Project (i.e.,

across the United States), we did not see any e↵ects of geography (data not shown).

Thus, we believe that the changes that we observed in this study were not influenced
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by geographical location; however, further research is needed to confirm this.

We discovered that the distinct microbial topography of the mid-aged adult ante-

rior nares and oropharynx is lost with age. In the elderly, the microbial population

in the anterior nares appears to be displaced by that of the oropharynx, possibly

explaining the di↵erences in respiratory infection rates between these populations.
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4.1 Abstract

Cystic fibrosis (CF) manifests in the lungs resulting in chronic microbial infection.

Most morbidity and mortality in CF is due to cycles of pulmonary exacerbations

episodes of acute inflammation in response to the lung microbiome - which are di�-

cult to prevent and treat because their cause is not well understood. We hypothesized

that longitudinal analyses of the bacterial component of the CF lung microbiome may

elucidate causative agents within this community for pulmonary exacerbations. In

this study, 6 participants were sampled thrice-weekly for up to one year. During

sampling, sputum, and data (antibiotic usage, spirometry, and symptom scores) were

collected. Time points were categorized based on relation to exacerbation as Stable,

Intermediate, and Treatment. Retrospectively, a subset of samples were interrogated

via 16S rRNA gene sequencing. When samples were examined categorically, a signif-

icant di↵erence between the lung microbiota in Stable, Intermediate, and Treatment

samples was observed in a subset of participants. However, when samples were exam-

ined longitudinally, no correlations between microbial composition and collected data

(antibiotic usage, spirometry, and symptom scores) were observed upon exacerbation

onset. In this study, we identified no universal indicator within the lung microbiome

of exacerbation onset but instead showed that changes to the CF lung microbiome

occur outside of acute pulmonary episodes and are patient-specific.
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4.2 Introduction

Cystic fibrosis (CF) is caused by mutations in the cystic fibrosis transmembrane

conductance regulator (CFTR) gene (Kerem et al., 1989; O’Sullivan and Freedman,

2009), which leads to impairments in pancreatic and liver function, and intestinal

obstruction (Elborn, 2016; Andersen, 1938). However, it is the e↵ect that this disease

has on the lungs that has the greatest clinical burden. Repeated cycles of airway

infection, mucous impaction, and bronchiectasis results in the majority of morbidity

and mortality in the patient population (Elborn, 2016; Ferkol et al., 2006). This

chronic lung disease is progressive, manifesting as persistent lung function decline

and diminishing quality of life (Corey et al., 1997; Sanders et al., 2011).

Pulmonary exacerbations are respiratory perturbations characterized by increased

respiratory symptomatology, systemic inflammation, fatigue, and weight loss (Fuchs

et al., 1994), symptoms which are potentially rescued by airway clearance and antimi-

crobial therapy directed against chronically infecting pathogens (Ferkol et al., 2006;

Lam et al., 2015; Flume et al., 2009; Döring et al., 2012). These events are critical in

CF as they cause permanent loss of lung function; however, the mechanisms under-

lying these events remain largely unknown. Exacerbations have been associated with

viral infections (Goss and Burns, 2007; Hiatt et al., 1999) as well as changes in den-

sity of primary bacterial pathogens within the lungs (Goss and Burns, 2007; Carmody

et al., 2013) perhaps due to a clonal expansion of pre-existing strains (Aaron et al.,

2004). However, the true cause of pulmonary exacerbations is likely multi-factorial

in nature, including interactions between the immune system, lung microbiota, air-

way physiology, and the environment (Ferkol et al., 2006; Goss and Burns, 2007),

complicating the understanding and treatment of these events.
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The CF airways have long been known to harbor certain primary pathogens such as

Pseudomonas aeruginosa, Burkholderia cepacia complex, and Staphylococcus aureus

(LiPuma, 2010). More recently, as sequencing technologies and laboratory culture

techniques advance, it has become appreciated that there are many additional bac-

terial members of the CF lung community which have the propensity to contribute

to disease. For example, Stentrophomonas maltophilia, Achromobacter spp., My-

cobacterium abscessus, Methicillin-resistant Staphyloccocus aureus (MRSA), and the

Streptococcus Anginosus/Milleri group have been described as emerging CF pathogens

(LiPuma, 2010; Sibley et al., 2008, 2010b; Whelan and Surette, 2015; Surette, 2014).

Similarly, other non-bacterial members of the CF lung microbiome have been impli-

cated in worsened prognosis such as the fungus Aspergillus fumigatus (LiPuma, 2010;

Surette, 2014).

To date, many studies of the CF lung microbial population, or microbiome, include

comparisons of sputum samples collected during pulmonary exacerbation and clinical

stability (for e.g. (Coburn et al., 2015; Carmody et al., 2013)). While these sampling

methods can be very informative, they cannot determine daily dynamics of the CF

lung microbiome during exacerbation onset. There are two notable exceptions; Car-

mody et al. collected daily sputum samples from 4 participants over a 25-day period

which included the onset of pulmonary exacerbation (Carmody et al., 2015). In this

study, the authors identified changes in the CF microbiome at exacerbation onset in a

subset of participants by examining the beta diversity dissimilarity between longitudi-

nal bacterial communities (Carmody et al., 2015). Second, Cuthbertson et al. studied

10 CF patients at baseline, 30 days prior to treatment, treatment for exacerbation,

30 days post treatment, and post-exacerbation baseline (Cuthbertson et al., 2015).
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The authors determined that the core microbiota were resistant to exacerbation and

associated antimicrobial treatments (Cuthbertson et al., 2015).

In this study, we expand on the above by examining relative changes to the CF lung

bacterial community over the course of one year in 6 participants in the context of clin-

ical status (exacerbation treatment versus stability), changes in participant reported

symptom scores and spirometry values, and antibiotic treatments. We discovered

no consistent indicator of exacerbation onset and instead confirm the patient-specific

nature of the CF lung microbiome.

4.3 Methods

4.3.1 Participant recruitment and sputum collection

From July to October of 2012, 6 knowledgeable and compliant cystic fibrosis (CF) pa-

tients were recruited for this study from the Southern Alberta Adult Cystic Fibrosis

Clinic. The median age of participants was 32.5 (IQR 26-36), and all were homozy-

gous for the F508del mutation except for one who was a compound heterozygote,

F508del/621+1G-T (Table 4.1). Median lung function for participants was 1.72L

(IQR 1.55L-2.66L), 66.9% predicted (IQR 58.3-85.0). Participants self-collected spu-

tum samples 3 times a week (Monday, Wednesday, and Friday) into clinical laboratory

collection jars (which were then immediately stored in their home freezers). During

periods of absence from home (e.g. holidays/work trips) some samples were omit-

ted. Participants self-reported data including symptom scores adapted from Jarad et

al. Jarad and Sequeiros (2012). Symptoms with respect to Cough, Sputum Produc-

tion, Shortness of Breath, Wheezing, Nasal Irritation, Throat Irritation, Fatigue, and
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Appetite were independently scored relative to an individual’s norm/baseline (=0)

with increased symptomatology scored as 1=mild, 2=moderate, or 3=severe deterio-

ration. Additionally, study participants were outfitted with PIKO-6 (nSpire Health;

Longmont, CO) home spirometers to measure spirometry. Prior to enrolment, all

participants were trained by a study investigator in the use of the PIKO-6 device.

Participants were taught to perform expiratory maneuvers three times and record

each value. Values used represent the best of each three attempts. Values collected

at enrolment were correlated with complete pulmonary function testing performed

during the clinic visit. Lung function values were reported as forced expiratory vol-

ume in one (FEV1) second. Any antibiotics, including those for chronic suppression

of lung disease and acute management of pulmonary exacerbation, were similarly

recorded. All collected data and records of antibiotic usage were made available to

the study authors. Ethical approval for this study was given by the Calgary Health

Region Ethics Board (REB-24123). At the enrolment visit, each patient provided

written informed consent (with an REB approved document) after detailed discus-

sion with research/clinic sta↵ regarding what the study entailed. Of the 6 participants

who began the study, 3 completed the full 1-year term with the remaining 3 partici-

pants dropping out of the study due to poor health or non-compliance (Table C.1);

however, all 6 contributed serial samples and are included in subsequent analyses.

At the end of the study, participants returned a study log which included the

metadata and their stored sputum using -20�C freezer packs and insulated transport

bags to ensure samples were kept frozen. Upon receipt, samples were immediately

transferred and stored at -80�C.
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Table 4.1: Clinical and methodological information about the study partic-
ipants (* = did not complete study).

Participant Age at
Study
Onset

CFTR Mutation Clinically cultured &
treated primary CF
pathogen(s)

% predicted lung
function (FEV1/
FVC) at study
onset

# of
Exac-
erba-
tions

A* 36 F508del/F508del P.aeruginosa,

M.abscessus

54.0 1

B 38 F508del/F508del P.aeruginosa 73.5 1
C 26 F508del/F508del P.aeruginosa, S. agalac-

tiae

105.0 0

D* 36 F508del/F508del P.aeruginosa, Streptoco-

cus Anginosus group
58.3 1

E 23 F508del/ 621+1G-
T

P.aeruginosa 60.2 4

F* 29 F508del/F508del P.aeruginosa, S.aureus,

Cupriavidus.sp

85.0 1

Samples were assigned into one of the three categories based on the time of col-

lection: Treatment if the sample was collected during a pulmonary exacerbation (as

defined by Fuchs et al. (Fuchs et al., 1994)) and after any intravenous antibiotics

were administered; Intermediate if the sample was collected in the month prior to or

following a pulmonary exacerbation; Stable otherwise. At the end of the study, we

retrospectively chose a subset of samples for marker gene analysis. Where possible,

we chose a subset that included tri-weekly samples from the Treatment stage, weekly

samples during Intermediate stages, and monthly samples during Stable periods. Us-

ing this schema, 121 of the 508 available samples were chosen for 16S rRNA gene

sequencing (Table C.1).

4.3.2 Clinical microbiology

Standard clinical microbiology was performed during regular clinic visits as has been

previously described (Sibley et al., 2010b; Lam et al., 2015). Quantitative analysis

of sputum was carried out by plating on Columbia blood agar (CBA), chocolate
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agar (CHOC), MacConkey agar (MAC), mannitol salt agar (MSA), and oxidation-

fermentation polymyxin bacitracin lactose agar (OFPBL). These solid media plates

were incubated at 35�C, 5% CO2 for 2 days with the following exceptions: OFPBL

was incubated at 30�C; CHOC which was incubated anaerobically.

4.3.3 DNA isolation and Illumina sequencing

Genomic DNA was isolated as previously described (Whelan et al., 2014; Bartram

et al., 2011). Methods of genomic DNA extraction di↵ered from (Whelan et al., 2014)

only in that the starting material was 300µl of sputum which had been homogenized

by repeated passage through a 18 gauge needle and syringe. Barcoded universal

primers adapted from (Bartram et al., 2011) were used to amplify the variable 3 region

of the 16S rRNA gene. The PCR reaction consisted of 5pmol of each primer, 50ng

template DNA, 200µM dNTPs, 1.5mM MgCl2, 4mg/mL BSA, 1x reaction bu↵er,

and 1 U Taq polymerase. The PCR protocol was as follows: 94�C for 5 minutes,

followed by 30 cycles of 94�C for 30 seconds, 50�C for 30 seconds, and 72�C for 30

seconds, with a final 72�C for 7 minutes. Presence of a PCR product was verified by

electrophoresis (2% agarose gel). PCR products were normalized for quantity using

the SequalPrep Normalization kit (ThermoFisher #A10510-01) and sequenced using

the Illumina MiSeq platform using 2x250 paired-end reads.

4.3.4 16S rRNA sequence processing and analysis

The resulting sequencing data were processed using a custom in-house pipeline as in

(Whelan et al., 2014) with some modifications (Fig C.1). Briefly, primers and/or
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read-through of the variable 3 region was trimmed using cutadapt (Martin, 2011), low-

quality reads were culled using sickle with a quality threshold of 30 (https://github.com/

najoshi/sickle), and chimeras were removed using USEARCH as written into QIIME

(Edgar, 2010; Caporaso et al., 2010c). Operational taxonomic units (OTUs) were

generated using AbundantOTU+ (Ye, 2011) and each was given a taxonomic assign-

ment using the RDP Classifier (Wang et al., 2007) against the Greengenes reference

database (February 4th 2011 release) (DeSantis et al., 2006). OTU tables were gen-

erated via QIIME (Caporaso et al., 2010c). Any OTU consisting of only one read

across the dataset (i.e. singleton) was removed. After processing, there was a mean

of 105,884 reads per sample (range: 33,940-215,072) and a mean of 216 OTUs per

sample (range: 73-491). The 16S rRNA gene sequencing data and clinical metadata

that make up this dataset are available via NCBIs Short Read Archive, (BioProject

PRJNA360332).

All analyses of the resulting OTU table were performed in R (R Core Team 2016)

using packages phyloseq (McMurdie and Holmes, 2013) and vegan for beta diversity

calculations, vegan for tests of community-wide significance (i.e. PERMANOVA),

and pheatmap to generate heatmap figures. A UPGMA representation of the Bray-

Curtis dissimilarity between samples was generated using QIIME. Phylogenetic rep-

resentations of participant’s OTU diversity were generated by trimming the reference

phylogeny provided with the 2011 release of Greengenes to those taxa which matched

taxonomic assignments of each participant’s OTUs. Visual representations of these

phylogenies were created using graphlan (Asnicar et al., 2015). Correlations of core

OTUs, as defined by any OTU present in all samples from a particular participant

with a sum of >1.0% over the study period, and key collected data (symptom scores,
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FEV1, antibiotic usage, alpha, and beta diversity) were calculated using eLSA (Xia

et al., 2011) and were considered significant if p-values < 0.05 and q-values < 0.05,

and the length of the observed correlation spanned the full dataset.

4.4 Results

4.4.1 Participant information and samples collected

In total, 6 individuals took part in this study. All 6 participants were chroni-

cally colonized with Pseudomonas aeruginosa; additionally, 4 of the 6 participants

were chronically infected with additional organisms being targeted with antibiotic

therapy: Mycobacterium abscessus, Streptococcus agalactiae, Staphylococcus aureus,

Cupriavidus sp., or Streptococcus Anginosus/Milleri group (Table 4.1). Streptococ-

cus Anginosus/Milleri group members have been previously reported as common CF

pathogens in this clinic (Sibley et al., 2008). These individuals experienced a total of

8 exacerbations (Table 4.1).

Of the 6 participants who began the study, 3 completed the year-long term with an

average of 150 samples over the study period (Fig 4.1, Table C.1). The remaining

participants dropped out of the study after an average of 116 days, and 20 samples

per patient (Table C.1, Fig 4.1). A subset of this collection were retrospectively

chosen for 16S rRNA gene sequencing with a focus on tri-weekly Treatment samples,

weekly Intermediate samples, and monthly Stable samples (Fig 4.1).
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Figure 4.1: Outline of sputum collection and samples chosen for sequencing. Partici-
pants self-collected sputum 3 times a week while simultaneously recording clinical symptoms. On
occasion, sputum could not or was not collected yet participant information was recorded (grey
dots). Samples were retroactively chosen for microbiome analysis based on the sample type, aiming
to follow Treatment more closely (1 sample/per 2-3 days) then Intermediate (1 sample per 1 week)
and Stable (1 sample per 1 month) samples. All but one participant, C, experienced an exacerbation
during the study period. Exact dates and length of sample collection for each participant is provided
in Table C.1.

4.4.2 The cystic fibrosis lung microbiome is patient-specific

First, we aimed to examine the study-wide diversity amongst samples at the com-

munity level. Using the Bray-Curtis dissimilarity metric, which takes the relative

abundance of individual OTUs into account, it was shown that the lung microbiota

was significantly di↵erent between participants (PERMANOVA, p=0.001). This re-

sult is visualized using a Principal Coordinates Analysis (Fig 4.2a). In a few cases,

such as between Participant B and C, these participant-specific clusters overlap, indi-

cating shared elements of their microbial composition. This is further examined via

a genus-biplot of the PcoA (Fig C.2) which indicates that Pseudomonas contributes

to the separation of samples from Participants B and C; similarly, Staphylococcus

and Cupriavidus separates samples from Participant F, and Fusobacterium separates

samples from Participant D. Further, a UPGMA phylogeny of the Bray-Curtis dis-

similarity between samples shows almost perfect inter-participant separation (Fig

4.2b).
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Figure 4.2: The CF lung microbiome is distinguished by individual. A. PCoA plots
of all participants illustrate the clustering of participant samples, indicated as significant by PER-
MANOVA (p=0.001). Health state within participants, as defined as Stable, Intermediate (<1
month pre- or post-Treatment), and Treatment was significant (PERMANOVA, p=0.016), but was
highly confounded by the participant (p=0.042 of Participant:Health interaction term). B. UPGMA
phylogeny depicting the Bray-Curtis dissimilarity between samples. It is apparent that the princi-
ple driver of similarity between samples are inter-individual microbial lung composition due to the
almost complete separation of participant samples.
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Additionally, we investigated the e↵ect of sample type (Treatment, Intermediate,

Stable) on the microbiota at the community level by PERMANOVA (p=0.016). Al-

though sample type was found to have a significant e↵ect on microbial composition,

this result was confounded by the participant (p=0.042 of the Participant:Health in-

teraction term). This indicates that the composition of the microbiome is influenced

more by the individual then by the sample type as has been previously shown (for

e.g. Coburn et al. (2015); Kramer et al. (2015)).

4.4.3 Exacerbation does not consistently associate with

community-wide changes to the microbiome

Next, we examined each participant’s microbiota independently. Taxonomic sum-

maries were used to visualize changes in the microbiota over the course of the study

and in relation to the health state of the individual (Fig 4.3a). These community-

wide profiles display unique communities in each individual, corresponding to the

results in Figure 4.2. For example, while the microbial communities of participants

A, B, and C are dominated by Pseudomonas, participants D, E, and F have more

diverse communities consisting of dominant organisms such as Prevotella, Streptococ-

cus, and Fusobacterium (Fig 4.3a). These communities, generated using 16S rRNA

gene sequencing, mirror the selective culturing performed by the clinical microbiol-

ogy laboratory associated with the clinic (Table 4.1); however, greater diversity is

evident via 16S rRNA gene sequencing approaches.

During the study period, all participants except for C experienced a pulmonary

exacerbation (Fig 4.3a, red triangles). Unfortunately, no samples were obtained

from participant A during a pulmonary exacerbation that occurred between samples
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Figure 4.3: The e↵ects of exacerbation on the lung microbiome are not consistently
seen at the community level. A. Taxonomic summaries of all samples sequenced. These sum-
maries indicate that changes to the lung microbiome upon exacerbation are not often obvious when
examining the community-wide taxa composition. Taxa present at <2% are summarized in the grey
bar. Participant E experienced 4 exacerbations during the study period which are indicated with
black lines. B. Heatmaps indicate the Bray-Curtis dissimilarity between each sample. Here, we can
see that samples taken during some exacerbations are more dissimilar to those collected during sta-
bility; however, this is not true for every exacerbation. These observations are qualified by statistical
measures (Table C.2) and were independent of FEV1 (Table C.3).
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A8 and A9. Visually, we observe from these taxa summaries that there are some-

times, but not always, observable changes in the lung microbiota preceding, during,

or following pulmonary exacerbations.

To quantify these observations, the Bray-Curtis dissimilarity between samples

(Fig 4.3b) and statistical measurements between categories were calculated (Table

C.2). These metrics indicate that there are statistically significant changes in the lung

microbiota between non-Treatment (Intermediate and Stable) and Treatment time

points in 2 of the 4 participants (Table C.2; participants A and C were omitted due to

no Treatment samples). These community-wide changes are seen between participant

B’s Intermediate and Treatment time points (p=0.045) as well as in participant E

(Stable vs. Treatment, p=0.022; Intermediate vs. Treatment, p=0.009). However,

results from participants D and F indicate no statistically significant changes to the

microbiome with Treatment (Table C.2). Importantly, in participant E who had 4

exacerbations in the study period, only 1 of the 4 was accompanied with statistical

changes to the microbiota (Table C.2). None of these observed alterations in the

microbiota were accompanied with statistically significant changes to FEV1 (Fig C.3,

Table C.3).

Further, there are observable disturbances to the lung microbiota within treatment

categories. Figure 4.3b indicates changes in the lung community between a number

of sequentially collected samples, taken at least 1 month outside of any exacerbation.

Examples include changes in Bray-Curtis dissimilarity scores between Samples A1

and A2 as well was Samples B2 and B18 when compared to other Stable time points.

Together, these findings indicate that some but not all exacerbations (2 of 7) result

in or are preceded by a discrete, measurable change in the microbiome and that
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observable shifts in these communities also occur independent of exacerbation onset.

4.4.4 Exacerbation is not linked with changes in within-sample

diversity

Each sample within this study was examined independently to determine the within-

sample diversity by calculating Shannons diversity index, an alpha diversity metric

measuring both richness and evenness. Previous research has reported a decrease in

alpha diversity with declining lung function and age (Cox et al., 2010; Goddard et al.,

2012), a↵ected by antibiotic therapy (Zhao et al., 2012) and exacerbation treatment

(Fodor et al., 2012; Smith et al., 2014); increased diversity of the lung microbiota is

associated with stable lung function (Filkins et al., 2012). In this study, di↵erences

in Shannon diversity were measured between Treatment, Intermediate, and Stable

samples in each individual (Fig 4.4 & C.4). While a significant increase in diversity

was observed between Intermediate and Treatment samples in Participant B (Fig

C.4), the majority of samples showed no significant di↵erences between Treatment,

Intermediate, and Stable samples (Fig 4.4 & C.4).

Furthermore, Shannons diversity index was patient-specific (Fig 4.4). A range of

values (0.077-3.345) were observed across participants (Fig 4.4). Interestingly, the

participant with the lowest mean diversity score was the only participant who did

not experience an exacerbation during the study period (Fig 4.4, participant C,

purple line) and who maintained the highest FEV1 over the course of the study

(Table 4.1, Fig 4.5-4.6). Although this sample size is small, these findings indicate

that the use of alpha diversity metrics to assess the relative health status and stability

of the lung microbiota may be complex at the patient-level even though low alpha
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Figure 4.4: Diversity within the lung community does not consistently decrease with
exacerbation. A longitudinal representation of the evenness and richness of the CF lung microbiota
across study participants indicates patient-specific levels of within-patient diversity.

diversity has been associated with poor lung function at the population-level.

4.4.5 Longitudinal dynamics of the cystic fibrosis lung mi-

crobiota

To further understand elements of the patient-specific dynamics of the CF lung mi-

crobiota, we focused on 2 participants who completed the full study period. We

chose participants C and E because they represented the individuals who had the

least (n=0, C) and most (n=4, E) observed exacerbations.

As has been shown above, participant C demonstrated fairly uniform alpha and

beta diversity across the study period (Fig 4.3b & Fig 4.4). This individual was on

alternating 4-week tobramycin inhalation powder (TIP) therapy throughout the year,

and had a consistent FEV1 in the range of 2.2-2.69L (Fig 4.5a). Overall, this indi-

vidual’s symptom scores were low (i.e. close to baseline), although there were periods
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Figure 4.5: Longitudinal Dynamics of two select participants (C and E). Two participants
who were the outliers in terms of the number of pulmonary exacerbations experienced over the course
of the study period were chosen for closer examination. A. Sample collection for participant C is
shown in relation to, antibiotic use, FEV1, and symptom scores. B. Correlations between collected
data, diversity metrics, and OTU relative abundance were calculated and significant correlations were
reported (Table C.4); a subset of these significant correlations are plotted. C. Sample collection
for participant E in relation to antibiotic use, FEV1, and symptom scores. D. Correlations between
these collected data and the OTUs present within the microbiome were calculated and significant
correlations were reported (Table C.5); a subset of these significant correlations are plotted.
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Figure 4.6: Examples of stability and variability in the CF lung microbial communities
of two select participants (C and E). A. Visualization of the stability of participant C’s lung
microbial community over the study period. Each OTU is presented as a terminal node on the
phylogeny; its presence in each sample evaluated using 16S rRNA gene sequencing is shown extending
outwardly from the inner phylogeny in chronological order. The density of the colour indicates
the relative abundance of the OTU; when the OTU is not identified, the space is left blank. B.
Participant E, who experienced 4 exacerbations over the course of the year, has a much more
variable lung microbiota than participant C. Similar to Fig 5c, OTUs are represented as nodes in the
phylogeny whose relative abundance is indicated with varying colour density. Rings in the phylogeny
are coloured to indicate the sample type (Treatment red, Intermediate blue, Stable green). Density
of the colour indicates relative abundance of the OTU and time periods are coloured according to
the health state.
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of increased sinus congestion and fatigue during the study period. Correlations were

calculated using eLSA between all core OTUs (sum > 1.0% relative abundance across

all samples from participant), collected data (antibiotic use, FEV1, symptom scores),

and diversity metrics (Shannon diversity index, Bray-Curtis dissimilarity scores) (Fig

4.5b, Table C.4). None of the collected data correlated with individual components

of the microbiota; of the diversity metrics tested, Shannon diversity was negatively

correlated with OTU 1 (Fig 4.5b). Instead, correlating OTUs within the micro-

biome were observed (Fig 4.5b, Table C.4). For example, Prevotella OTU 2 was

positively correlated with Streptococcus OTU 11 (Fig 4.5b); additionally, OTU 11

was correlated with another Streptococcus (OTU 4). Further, Prevotella (OTU 8)

was positively correlated with Fusobacterium OTU 5. However, all of these corre-

lations were observed amongst OTUs with low (<10%) relative abundance. When

the relative abundance of each OTU was examined longitudinally, we observed a re-

markably stable lung microbial community dominated by a single Pseudomonas OTU

(Fig 4.6a). These results suggest a community within the lung whose composition

is highly dependent on its microbial membership, but less on external factors such as

antibiotic use.

However, when we examine participant E, we see a very di↵erent picture of CF

lung disease. Participant E was also on alternating TIP therapy over the study period;

however, this treatment was supplemented with further antibiotics upon exacerbation

onset including ceftazidime (CAZ), tobramycin (TOB), ciprofloxacin (CIPRO), and

moxifloxacin (MOXI) (Fig 4.5c). FEV1 decreased over the study period and was

within a range of 1.13-2.11L. Similar to participant C, when correlations between

OTUs, collected data, and diversity metrics were calculated, we found no correlations
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between OTUs and collected data such as antibiotic use, FEV1, and symptom scores

(Table C.5). Fusobacterium OTU 5 was positively correlated with Prevotella OTU

24 over the study period (Fig 4.5d). Additionally, as observed with participant

C, Shannon diversity was correlated with multiple OTUs (Fig 4.5d, Table C.5).

Participant E’s lung community was consistently dominated by 3 OTUs corresponding

to Pseudomonas, Prevotella, and Streptococcus (Fig 4.6b). In contrast to the stable

microbiome seen in participant C, the community in participant E contained many

members which fluctuated over the study period (Fig 4.6b).

4.5 Discussion

Our current understanding of the pathophysiology of pulmonary exacerbations in

CF is limited. Understanding the mechanisms underlying pulmonary exacerbation,

and thus being able to mitigate symptom onset and/or severity would have impor-

tant implications for individuals with CF. Pulmonary exacerbations likely have many

triggers including elements of the inflammatory response, lung microbiota, and ex-

trinsic factors such as pollution, allergen exposure and medication compliance (Ferkol

et al., 2006). Because antimicrobial therapies often control and resolve the symptoms

associated with pulmonary exacerbations, it is important that we understand the

longitudinal dynamics of the CF lung microbiota with respect to onset of pulmonary

symptoms.

In this study, when examined as discrete groups, samples of the CF lung micro-

biota obtained during Treatment, Intermediate, and Stable periods were identified

as significantly di↵erent from each other (PERMANOVA of Bray-Curtis distance,

p=0.016) though highly confounded by the originating participant. However, when
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samples from each participant were examined independently, it was evident that dis-

crete changes in microbial composition only accompanied some pulmonary exacerba-

tions (Fig 4.3). Further, longitudinal analyses did not provide statistically significant

correlations between respiratory symptoms and elements of the lung microbiota (Fig

4.5-4.6). Notably, although changes are seen during some participant’s pulmonary

exacerbations, some individual’s lung microbiota also undergo large compositional

changes during periods of clinical stability. These types of changes may result from

changes in antimicrobial therapy (Sibley et al., 2008; Coburn et al., 2015), changes in

pulmonary function (Surette, 2014; Lynch and Bruce, 2013), or other undetermined

factors.

When we focused on the 2 participants in the study who had the most (n=4)

and least (n=0) number of exacerbations during the study period, longitudinal anal-

yses were unable to provide general microbiome patterns predicting exacerbation;

there were no correlations between exacerbation and alpha or beta diversity, FEV1,

antibiotic use, or symptom scores. Previous longitudinal analyses of the CF lung

microbiota’s role in pulmonary exacerbation onset have drawn similar conclusions to

those observed within this study (Carmody et al., 2015; Cuthbertson et al., 2015).

Instead, statistically significant correlations between alpha diversity and microbial

membership (i.e. OTUs) were identified, as well as correlating OTUs. In both par-

ticipants there was a negative correlation found between dominating members of the

microbiota and alpha diversity. However, these correlations are likely a result of

the compositional and relative nature of the 16S rRNA gene sequencing approaches

employed. In participant C, positive correlations were observed between Prevotella
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and Streptococcus, as well as between 2 Streptococci. In both participants, correla-

tions were observed between Prevotella and Fusobacterium. These species are often

found in the lungs of individuals with CF, but haven’t been previously correlated.

However, Streptococcus salivarius and Prevotella intermedia have been implicated in

coaggregation in periodontal disease (Levesque et al., 2003), and oral streptococci

and Prevotella have been isolated together from dentoalveolar abscesses (Sakamoto

et al., 1998), indicating that organisms within these genera may correlate in a variety

of infectious diseases. While these correlations did not di↵er before, during, or after

pulmonary events, they may be important microbe-microbe interactions in this envi-

ronment which should be further investigated. It is important to note that because of

imperfections in OTU clustering approaches (Westcott and Schloss, 2015; He et al.,

2015), that the 2 correlating streptococci OTUs may in fact be sequences from the

same organism which were misclustered into 2 separate OTUs.

In this study, we identified inter-individual di↵erences of the CF lung microbiota

in terms of taxonomic composition (Fig 4.3), alpha (Fig 4.4), and beta diversity

(Fig 4.2). The results of this study help us to consider the goal of this research:

to better understand and improve the lives of those su↵ering from CF. Studying 6

participants longitudinally has identified that conclusions which have been made in

the literature which apply at the population-level are not necessarily meaningful to the

individual. For example, we report that periods of exacerbation were not consistently

correlated with an increase in Shannon Diversity (Fig 4.4). This is in contrast to

previous results which have shown increases in alpha diversity during exacerbations

when compared to surrounding time points at the population-level (Fodor et al., 2012;
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Smith et al., 2014). It has been previously suggested that a patient-specific, cross-

sectional use of alpha diversity to predict state of disease would not be of use (Surette,

2014), especially since measures of alpha diversity cannot be acted on in the clinic

via a specified treatment or pharmacological aid. Because of the unique nature of

microbial acquisition in the lungs, CFTR modulators, and patient environments and

actions, individuals with CF represent unique patients who should be assessed in a

case-by-case basis.

The most important limitation of this study are the short-comings of using 16S

rRNA sequencing of sputum as a measure of the CF lung microbiome. First, 16S

rRNA sequencing does not distinguish nonviable from viable cells. Second, the on-

set of exacerbations may be triggered by a small proportion of the total community

or by non-bacterial members of the microbiota; however, this method does not dif-

ferentiate between metabolically active and inactive members and does not capture

non-bacterial components (Whelan and Surette, 2015). Third, although conflicting

studies exist (Rogers et al., 2006), expectorated sputum may be subject to contamina-

tion by oral microbes (Goddard et al., 2012; Muzanye et al., 2009). These important

shortcomings of our ability to fully understand the CF lung microbiome may mean

that with the advantages that 16S rRNA sequencing of sputum a↵ords (total commu-

nity profiling with relative abundance information), that the associated disadvantages

may be masking an important microbial component to these events.

A small sample size of participants enrolled and completed the study (Table 4.1).

Prospectively collecting and storing sputum samples is tedious and di�cult in a large

patient cohort. Previous studies were similarly limited to small patient numbers

(Carmody et al., 2015; Cuthbertson et al., 2015). Additionally, requesting tri-weekly
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symptom score profiles and self-administered spirometry measurements furthers the

participant burden on individuals with a disease that already requires time-consuming

pharmacologic and physical therapies (Sawicki et al., 2009). However, longitudinal

studies of the dynamics within the CF lung microbiota are important in determining

the bacterial component of pulmonary exacerbation.

By studying 6 people with CF for up to a year in a prospective, longitudinal

study of the microbiota preceding, during, and following exacerbation, we conclude

no discernible, participant-wide dynamics which explain the onset of pulmonary ex-

acerbation. Some hypothesized causes of pulmonary exacerbations may not have

been measurable in this study; for example, we have previously hypothesized that

strain dynamics would be very di�cult to determine from community-wide studies of

the 16S rRNA gene (Whelan and Surette, 2015). Further, elements other than the

microbiome, such as host inflammatory defenses, may be the driving force behind

these events. This study also supports the growing data that suggest that the lung

microbiome in CF is highly patient-specific and that it should be investigated as such.
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5.1 Abstract

Next generation sequencing technologies have a↵orded the field of microbiome re-

search with the ability to profile communities without the need to culture their in-

habitants. While the power of these technologies is clear, combining these approaches

with classical, culture-dependent methods can provide us with greater resolution of

human microbiota. In this work, we have combined advances in marker gene and

metagenomic sequencing with culture-enriched molecular profiling to study the mi-

crobiota of the cystic fibrosis lung. Culture-enrichment consistently recovered the

CF lung microbiota, culturing an average of 81.21% of OTUs representing 99.15%

of the relative abundance of those sequenced from sputum lung samples directly.

Further, culture-enrichment retrieved 65.5% more species than culture-independent

methods, reflecting the selective ability of media to enrich for low abundance organ-

isms. Using a novel plate coverage algorithm, we conducted metagenomic sequencing

on a minimal subset of culture plates in a patient-specific manner. When compared

to culture-independent methods, culture-enriched metagenomics consistently recov-

ered more organisms with better genome coverage when compared to metagenomics

conducted on sputum samples. However, the interpretation of these results di↵er

depending on which software approach is utilized. Culture-enrichment of sputum

reconstructs the CF lung microbiota for a better understanding of this disease.
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5.2 Introduction

The study of microscopic organisms is dependent on the physical attainment of these

organisms via culture isolation. The field of microbiology began when van Leeuwen-

hoek became the first to visualize microbes using the first microscope (Van Leeuwen-

hoek, 1683), and continued once we learned to control the growth and propagation of

these organisms. However, the advent of next generation sequencing technologies has

allowed for the study of microbial communities without the requirement of culture,

expanding our understanding of the diversity of microbial communities. Specifically,

sequence-based studies of the human microbiota have identified the e↵ect that envi-

ronment, diet, and host genetics can have on the formation and persistence of these

communities (Turnbaugh et al., 2009; The Human Microbiome Project Consortium,

2012b; Spor et al., 2011).

These community-wide, culture-independent studies have made crucial contribu-

tions to the field of microbiome research and our knowledge of host-microbiota inter-

actions. However, without being able to culture these microbes, we lose the ability

to conduct classical microbiology, leading to the current lack of mechanistic stud-

ies within the microbiome field and instead a focus on “dysbiosis” and “diversity”

(Olesen and Alm, 2016; Shade, 2017).

While it is commonly cited that the majority of the human microbiota is un-

culturable, a number of studies suggest that this is not the case. Before the term

“microbiome” was commonplace, Finegold et al. cultured up to 300 di↵erent species

from 40 fecal specimens using both aerobic and anaerobic culture (Finegold et al.,

1974). Goodman et al. cultured almost half of the human gut microbiota, recov-

ering 316 Operational Taxonomic Units (OTUs) from the 631 OTUs identified by
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culture-independent techniques (Goodman et al., 2011). Lagier et al. used the term

“culturonomics” to describe their ability to recover 340 species of bacteria, 31 of which

were novel, from 3 stool samples (Lagier et al., 2012). Two more recent studies recov-

ered 88% of family-level OTUs (Rettedal et al., 2014) and 95% of all OTUs identified

in fecal specimens (Lau et al., 2016); importantly, both of these studies also identified

more OTUs via culture-dependent than culture-independent approaches. Besides the

gut microbiota, other human-associated communities have been cultured, including

urine (Hilt et al., 2014), skin (Myles et al., 2016), the oral cavity (Thompson et al.,

2015), and the CF lung microbiota (Sibley et al., 2011).

Cystic fibrosis (CF) is the most prevalent genetic disease in caucasians (Elborn,

2016). Among the most severe symptoms are those which a↵ect the lungs. A de-

crease in mucus viscosity and a deregulation of the host immune response provides a

microbial niche that allows for the chronic colonization of the lungs (O’Sullivan and

Freedman, 2009). A thorough understanding of this microbial community is vital to

allow proper treatment with anti-microbial agents for improved clinical care.

This study presents the merger of culture-enrichment and next generation sequenc-

ing technologies in order to obtain a more thorough understanding of the genomic

content of the CF lung microbiota. First, 16S rRNA gene sequencing was used to

establish that 81.21% of all OTUs - representing 99.15% of the relative abundance

- in the CF lung microbiota are culturable using commonly available agar media.

In fact, culture-enrichment of sputum samples resulted in increased OTU recovery

when compared to culture-independent investigations of the sputum sample itself.

Following, culture-enriched metagenomic profiling was performed, which improved

genomic recovery by taking advantage of the natural ability of culture conditions
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to biologically bin organisms by growth conditions. As part of this approach, we

present a plate coverage algorithm which allows the user to direct culture-enriched

metagenomic sequencing e↵orts based on the diversity identified in each culture con-

dition via marker gene analysis. We identify the advantages of culture-enrichment by

the increased recovery of OTUs in the 16S rRNA gene sequencing, the decrease in

host contamination in metagenomic approaches, and the increase in genetic content

obtained from culture-enriched metagenomic sequencing.

5.3 Methods

5.3.1 Sputum collection and culture-enrichment

Sputum samples were collected from December 4th 2013 to October 6th 2014 from

willing participants visiting the Calgary Adult CF Clinic (ethical approval granted by

the Calgary Health Region Ethics Board, REB-24123). Two samples were collected

from each patient: one at the onset of pulmonary exacerbation (as defined by Fuchs

et al. (Fuchs et al., 1994)) upon hospitalization but prior to intravenous antibiotic

therapy, and a second during a follow up appointment 1 week to 4 months following

the resolution of symptoms.

Samples were transported to an anaerobic environment within 60 seconds of expec-

toration and plated within 4 hours of sputum production. Samples were homogenized

by passage through a 18 gauge needle and 1 mL syringe. Once homogenous, 300µL

was set aside for culture-independent sequencing. The remainder was used for cul-

ture enrichment. Thirteen solid agar media were prepared: Actinomycetes isolation

agar (AIA; BD), brain heart infusion agar (BHI; BD), cooked meat broth with 1.5%
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agar (Beef; Fluka), Columbia agar base with 5% sheep’s blood (CBA; BD), GC pow-

der (BD) with 5% hemoglobin, and 0.5% IsoVitaleX (CHOC; BD), Columbia CNA

agar with 5% sheep’s blood (CNA; BD), fastidious anaerobe agar (FAA; Acumedia),

tryptic soy agar with 0.1µg/mL kanamycin, 7.5µg/mL vancomyin, 10µg/mL Vitamin

K, 0.05ng/mL hemin, and 5% laked blood (KVLB), MacConkey agar (MAC; BD),

mannitol salt agar (MSA; BD), McKay media (Sibley et al., 2010b), phenylethyl al-

cohol agar with 5% sheep’s blood (PEA; BD), and tryptic soy agar with 1.5% yeast

extract (TSY; BD). To Beef, BHI, and TSY, the following additional additives were

included: 10µg/mL colisitin sulfate, 0.5mg/mL L-Cysteine, 1.0ng/mL Vitamin K,

and 10ng/mL hemin.

Culture enrichment was performed by placing 100µL of sputum diluted in BHI

with 0.05% L-Cysteine to 10�3 and 10�5 on to each of the above media. Two sets

of plating were performed, one which was incubated aerobically (5% CO2, 37�C) and

another anaerobically (5% CO2, 5% H2, 90% NO2, 37�C). This method resulted in

52 plates per sample.

After 3-5 days (aerobic) and 5-7 days (anaerobic) of growth, plates were imaged

and growth acquired by adding 2-3mL of BHI broth to each plate and lifting colonies.

Part of this solution was frozen directly for DNA extraction while the rest was frozen in

20% skim milk for any potential growth or re-isolation. Any plate which resulted in no

visible bacterial colonies was discarded and omitted from all downstream processing.

Comparisons of this culturing method to that employed by a typical microbiology lab

in Figure 5.5 included the following media types: aerobic CBA, MAC, MSA, and

anaerobic CHOC.
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5.3.2 DNA isolation and Illumina sequencing

Genomic DNA was isolated from culture-enriched plates and sputum as previously

described (Whelan et al., 2014) with the exception of use of lifted colonies/homoge-

nized sputum as input instead of Copan Swabs as performed in (Sibley et al., 2011).

Dilutions resulting from the same media/environment pairing were combined into

one genomic DNA isolation for a maximum of 26 culture-enriched plates per sputum

sample. The variable 3 region of the 16S rRNA gene was amplified using universal

primers as adapted from (Whelan et al., 2014; Bartram et al., 2011). The PCR reac-

tion consisted of 5pmol of each primer, 1ng template DNA, 200µM dNTPs, 1.5mM

MgCl2, and 1 U Taq polymerase. The PCR protocol employed is as follows: 95�C

for 5 minutes, followed by 30 cycles of 95�C for 30 seconds, 50�C for 30 seconds, and

72�C for 30 seconds, with a final 72�C for 7 minutes. Presence of a PCR product was

verified by electrophoresis (2% agarose gel). PCR products were sequenced using the

Illumina MiSeq platform using 2x250 paired-end reads.

Using the plate coverage algorithm developed by the authors and discussed in

detail in the Results (Fig 5.6), a subset of samples were prepared for metagenomic

sequencing. Select culture-enriched samples and all sputums were sonicated to 300bp

and library preparations were made using the NEBNext DNA Library Prep Master

Mix Set for Illumina (New England Biolabs) and sequenced using the Illumina HiSeq

platform with 2x250 paired-end reads.

5.3.3 16S rRNA sequence processing and analysis

16S rRNA paired-end reads were processed using a custom, in-house pipeline as previ-

ously described (Whelan et al., 2014). Reads were trimmed of any remaining primers
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using cutadapt (Martin, 2011) and discarded using sickle based on a quality thresh-

old of 30 (https://github.com/najoshi/sickle). Paired-end reads were assembled

using PANDAseq (Masella et al., 2012). OTUs were picked using AbundantOTU+

with a 97% clustering threshold (Ye, 2011) and chimeras removed using USEARCH

(Edgar, 2010) as implemented in QIIME (Caporaso et al., 2010c). The Ribosomal

Database Project classifier (Wang et al., 2007) was used to assign taxonomy against

the 4th February 2011 release of the Greengenes database (DeSantis et al., 2006).

OTU tables were created with QIIME (Caporaso et al., 2010c). Any OTU which

was not assigned a bacterial taxonomy or which only had one instance across the

full dataset (singleton) was culled. Any sample with < 1000 reads was discarded.

The result of this culling process, in combination with only sequencing plates with

visual growth, resulted in a total of 531 samples (20 sputum samples and 511 plates).

The mean sequence depth across this dataset was 68,160 reads per sample (range

2,032-159,381), with a mean number of OTUs of 94.1 (range 10-311).

Taxonomic summaries over multiple samples were performed by calculating the

maximum relative abundance across samples, and normalizing to 100%. Principal

Coordinate Analysis (PCoA) plots were calculated using phyloseq (McMurdie and

Holmes, 2013) and ggplot2 (Wickham, 2009) in R after proportional normalization

(McMurdie and Holmes, 2014). An OTU was considered present in a sputum or

cultured sample if it had a relative abundance of > 0.01% (all exceptions noted).

Phylogenies were decorated with GraPhlAn (Asnicar et al., 2015). Heatmaps were

calculated using pheatmap (Kolde, 2012).
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5.3.4 Recovery of isolates from frozen culture-enriched stocks

Improved isolation of Stenotrophomonas maltophilia from frozen skim milk stocks of

select plates was performed using a selective medium as described in (Denton et al.,

2000). Isolates were Sanger sequenced using the 8F (5’-AGAGTTTGATCCTGGCTC

AG-3’) and 926R (5’-CCGTCAATTCCTTTRAGTTT-3’) primers to the 16S rRNA

gene, resulting in a 900nt product. The identity of the isolates were confirmed by

comparisons to the Human Oral Microbiome Database (HOMD) and to NCBI’s 16S

ribosomal RNA sequences (Bacteria and Archaea) Database (Table D.1).

5.3.5 Metagenomic sequence processing and analysis

Resultant paired-end reads were processed using available software and tools. Cu-

tadapt was used to trim Illumina adaptors and primers (Martin, 2011), and se-

quences were removed based on quality by using sickle with a threshold of 30 (https:

//github.com/najoshi/sickle). Culture-independent sputum samples were decon-

taminated using DeconSeq (Schmieder and Edwards, 2011). 16S rRNA sequences

were extracted out of the metagenomic data by alignment to the 2011 Greengenes

database (DeSantis et al., 2006) using Bowtie2 (Langmead and Salzberg, 2012). The

trimmed, quality-filtered FASTQ culture-enriched metagenomic reads were assem-

bled using RayMeta (Boisvert et al., 2012) and binned using CONCOCT (Alneberg

et al., 2014) and MaxBin (Wu et al., 2014). Visualizations of the CONCOCT binning

procedure was done with an auxiliary script distributed with CONCOCT (Alneberg

et al., 2014). Taxonomic assignments for each bin were conducted by using BLASTn

(Altschul et al., 1990) to align the contigs of each bin to NCBI’s RefSeq database.

Analyses of these bins including calculations of genome coverage were performed using
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samtools (Li et al., 2009), and bamtools (Barnett et al., 2011).

5.4 Results

In this study, we collected 20 sputum samples from 10 patients for both culture-

independent and culture-dependent profiling (Fig 5.1). Samples were homogenized

before 300µl was set aside (culture-independent) and the rest plated onto 13 di↵erent

media types under aerobic and anaerobic conditions (culture-dependent). 16S rRNA

gene sequencing was performed on the sputum sample as well as on the collective

organisms grown in each media/environment pairing for a total of 26 culture-enriched

samples per sputum obtained. Following, based on the distribution of OTUs identified

via 16S rRNA gene sequencing, a representative subset of plates (and the original

sputum) were chosen for metagenomic sequencing based on a novel plate coverage

algorithm.

Sputum

Aerobic Anaerobic

Culture Sequencing

16S rRNA

Metagenomics

Plate coverage
algorithm

Sequencing

Culture-independent sequencing

Culture-dependent sequencing

(only plates with growth)

Figure 5.1: Culture-enriched metagenomic sequencing workflow. Sputum samples
collected from cystic fibrosis (CF) patients were plated onto 13 selective and non-selective
media and incubated either aerobically or anaerobically. 16S rRNA gene sequencing was
conducted on the sputum sample (direct profiling) as well as on each media type (culture-
enriched profiling). Metagenomic sequencing was conducted on the sputum sample as well
as on an appropriate subset of plates as indicated by the plate coverage algorithm (see
Figure 5.6).
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5.4.1 The majority of the cystic fibrosis lung microbiota is

culturable

Using the conditions outlined above, we first chose to study the sum of the culture-

enriched microbiota per sample in relation to those OTUs recovered from sequencing

of the sputum directly (mean of 55 OTUs per sample). For each sample, the majority

of OTUs identified by culture-independent sequencing were also found in the culture-

enriched samples, indicating that most OTUs are culturable (Fig 5.2a, “Shared”;

average 81.21% shared, range 64.62% - 100%). Further, when the relative abundance

of these cultured OTUs was examined, they constituted 99.15% of the microbiota of

the sputum sample (Fig 5.2a, green line, range 97.62% - 99.8%), indicating that

those OTUs which were not recovered by culture were at low abundance within the

originating community.

Examining all recovered OTUs (mean of 168 OTUs per sample) across both

culture-independent and -dependent sequencing in all 20 samples across 10 patients,

we see that few OTUs are never cultured (Fig 5.2b, blue ring; OTUs � 0.01% rela-

tive abundance in culture-dependent sequencing) when compared to those which are

seen in both the culture-independent and -dependent sequencing (Fig 5.2b, grey

ring; OTUs � 0.01% relative abundance in at least one culture-independent and

-dependent sample). The unculturable groups include Spirochaetes (7 of 7 OTUs

identified in culture-independent sequencing) and SR1 (1 of 1), and many members

of the Tenericutes (7 of 22), and TM7 (2 of 3) phyla.

These results still hold if a more stringent OTU cuto↵ of�0.1% relative abundance

is used (Fig D.1).
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Figure 5.2: The majority of the CF lung microbiota is culturable. A. Of the OTUs
identified in the direct profiling of each sputum sample, most are also cultured. The number
of OTUs which are identified only by direct profiling (i.e. are not cultured) di↵ers between
samples; however, the culturable proportion of culture-independent OTUs is 81.21% on
average and correspond to 99.15% of the relative abundance of the lung microbiome (green
line; range: 97.62%-99.8%). B. Across the dataset, 6.7% of OTUs were unculturable,
including many Tenericutes (ˆ), and TM7 (*), and all Spirochaetes (&), and SR1 (+).
Otherwise, uncultured OTUs were not restricted to a particular clade or bacterial family.
Similar results are also true when a more stringent relative abundance cuto↵ is used (Fig
D.1).
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5.4.2 Culture-enrichment increases OTU recovery

What is perhaps most interesting is the frequency of organisms present only in the

culture-enriched sequencing (Fig 5.2b, green ring; OTUs � 0.01% relative abun-

dance in � 1 culture-dependent sample but  0.01% in all culture-independent sam-

ples). In fact, for each sputum sample examined in this study, there was a greater

number of OTUs recovered from the associated culture-enrichment than from the

sample itself (Fig 5.3a). On average across the dataset, 6.7% of OTUs were never

cultured, 27.9% of OTUs were identified via both methods, and 65.5% of OTUs were

identified via culture-enrichment alone (Fig 5.3b). We hypothesized that this may be

a result of the ability of culture-enrichment to recover low abundance taxa which may

be below the detection threshold of our sequencing depth (average of 68,160 reads per

sample), but when given the opportunity to proliferate in an environment which is,

perhaps, amenable to growth, is detectable in the culture-enriched sequencing results.

To test this hypothesis, we re-sequenced one of our sputum samples to a depth 24x

deeper than the original (41,199 versus 972,834 reads) and rarefied it at decreasing

depths (range: 500,000-1,000 reads). Comparisons across these sequencing depths

(Fig 5.4) indicated that the number of culture-only OTUs decreases as the sequencing

depth increases (Fig 5.4, inset). This result is made apparent by visualizing rank

abundance curves at each depth which shows the distribution of cultured OTUs along

the long tail distribution of these sputum samples, the rarest of which appear as

culture-only OTUs when lower depth sequencing is used. Thus, culture-dependent

sequencing allows for the enrichment of low abundance taxa present in the sputum

sample but not necessarily sequenced by the depths typically employed.
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extensive culture than were found in the direct profiling of the sputum sample itself. B.
Overall, an average of 65.5% of all OTUs were identified only via culture-enrichment.
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Figure 5.4: Culture-enrichment enriches for low abundance taxa. A single sputum
sample was sequenced to a depth of 41,199 reads and again 24x deeper 972,834 reads. A
rank order curve illustrating the number of OTUs present at both sequencing depths. With
972,834 reads, more Shared (direct and culture-enriched) OTUs are discovered that were
originally only seen in the culture-enriched sequencing, demonstrating that culture-enriched
for low abundance taxa. The number of OTUs recovered via culture but not seen in the
direct profiling decrease when a deeper sequencing depth is used, indicating that enriched
culturing allows for the recovery of low abundance organisms not captured with typical
sequencing depths (inset).
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5.4.3 Culture-enrichment’s increase in OTU recovery is de-

pendent on media type and oxygen availability.

Next, we focussed on the OTU diversity within each culture-enriched plate pool indi-

vidually. Each plate was incubated in one of two environments (aerobic or anaerobic)

and consisted of 1 of 13 media types. In order to demonstrate the taxonomic distri-

bution across culturing conditions, we first focussed on one sputum sample and its

associated culture-dependent sequencing results. By this approach, the importance

of using both anaerobic and aerobic conditions is evident in the di↵erences between

taxonomic composition (Fig 5.5a). For example, Veillonella, and Prevotella species

are recovered exclusively under anaerobic conditions; conversely, Rothia and Pseu-

domonas species are obtained at greater abundances in aerobic culture (Fig5.5a).

The community-wide di↵erences between these environmental conditions can be vi-

sualized by a PCoA analysis (Fig 5.5b); here, the sputum sample clusters tightly

with the aerobic samples due to the prominence of Pseudomonas (and not due to

a lack of bacterial growth) (Fig D.2). A hierarchical clustering of the media/envi-

ronment pairings employed across all genera cultured from 20 sputum samples shows

the importance of the variety of conditions utilized (Fig 5.5c). While some taxa are

less discrete as to which media they can be cultured on (e.g. Streptococcus), others,

such as Neisseria, Rothia, and Stenotrophomonas can only proliferate on a subset

of the conditions employed. Further, a similar analysis at the OTU level (Fig D.3)

shows that there are also OTU-dependent di↵erences in growth patterns (e.g. Pre-

votella OTUs, Fig 5.5d). Importantly, across the full dataset, anaerobic culture was

responsible for almost half of the total recovery of OTUs, and the expansion of our

culture conditions from the 4 typically employed in the clinical lab to our 13 nearly

130



Ph.D. Thesis - Fiona J. Whelan McMaster University - Biochemistry & Biomedical Sciences

doubles the number of OTUs cultured (Fig 5.5e).

A further advantage to this approach is that it allows for the post-hoc recovery

of particular organisms of interest from the frozen skim milk stocks made from each

individual plate. As an example of this method and its usefulness, Stenotrophomonas

was isolated from two mixed communities in which it accounted for 1.3 and 1.5% of

the relative abundance in each cultured community. To do so, the skim milk stocks

were replated on a media type designed to isolate this genera (Fig 5.5f). Colonies

were confirmed via full-length 16S rRNA gene sequencing (Table D.1). This result is

important as it shows the viability of organisms as part of these mixed communities,

and that we can recover and isolate organisms of interest from the original culture

post-hoc for further phenotypic, functional, and/or mechanistic analyses.
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Caption follows on next page.
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Figure 5.5 (previous page): Increased OTU recovery seen with culture-enrichment
is dependent on the variety of media types and environments employed. The
variety in selective and non-selective media types, and aerobic and anaerobic environments
is important in capturing the diversity of the CF microbiome. The use of both anaero-
bic and aerobic conditions encourage the recovery of very di↵erent taxa, as indicated by
examining the taxonomic profiles of a sputum and associated culture (A) as well as the
distinct di↵erence in �-diversity scores (B). C. A heatmap showing the maximum observed
relative abundance (displayed between 0-1) of each genus across culturing conditions indi-
cates the necessity of such extensive plating in order to culture the diversity within the CF
lung microbiota. D. This necessity is further evident by the di↵erences in suitable culture
conditions necessary for OTUs within the same genus. Here, Prevotella is shown as an
example; Fig D.3 shows a heatmap indicating suitable culture conditions for each OTU.
E. Across the full sample set, the number of OTUs obtained from culture-enrichment is
compared to the number obtained if only aerobic culture was employed, or if culture was
restricted to that of a standard clinical microbiology laboratory. F. Cultured organisms
can be recovered from frozen plate pool stocks. Here, a medium designed for growth of
Stenotrophomonas species was used to select for a Stenotrophomonas OTU present at 1.3%
on CNA.Aer and 1.5% on TSY.Aer. Max Culture = the maximum relative abundance for
each OTU observed across culture enrichment and normalized to within 0-1.

5.4.4 The plate coverage algorithm defines the optimal sub-

set for culture-enriched metagenomic sequencing

The media/environment pairings of plates used for culture-enrichment are necessar-

ily broad in order to capture a wide range of organisms. The CF lung microbiota,

like other human-associated communities, can host a wide range of organisms, from

common pathogens such as Pseudomonas, Staphylococcus, and Haemophilus (Surette,

2014), to recently-appreciated anaerobes (e.g. Prevotella, Fusobacterium, and Veil-

lonella (Tunney et al., 2008)), and emerging pathogens (e.g. Stenotrophomonas, and

Achromobacter (Parkins and Floto, 2015)). While the lung could be home to any

of these plethora of organisms, an individual’s lung microbiota is a patient-specific

subset of these possibilities. As such, this means that while the variety of conditions

we employ as part of culture-enriched profiling is necessary to capture the diversity
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across patients, not every plate is needed to enrich each patient sample. This infor-

mation is not known a priori ; however, using 16S rRNA gene sequencing results as a

proxy, the minimum number of plates needed to capture the diversity within a given

sputum sample can be determined and applied to metagenomic sequencing. As such,

we wrote the PLate Coverage Algorithm (PLCA) which, based on 16S rRNA gene

sequencing of each plate, determines the optimal subset of plates that are needed

to capture the totality of the culture-enriched microbiota (Fig 5.6). Briefly, this

algorithm identifies all OTUs present in only one media/environment pairing, and

includes that plate in the optimal subset. Following, any OTU and plate not already

covered by this subset will be examined such that, recursively, the plate with the

most remaining OTUs is added to the subset until all OTUs are covered.

There are two versions of the PLCA. The denovo PLCA (Fig 5.6a, PLCA) is

designed to capture the total culture-enriched diversity of a sample, independent of the

relative abundance or content of the associated culture-independent sequencing. This

version allows the interrogation of the totality of the cultured community. However,

the relative abundance within the originating sample is often important, especially

when answering research questions surrounding clinically associated samples such as

those from the CF lung microbiota. For these cases, an adjusted PLCA (Fig D.4,

adjPLCA) generates the subset of plates on which all OTUs from the originating

sample have been cultured. The adjusted PLCA often produces a smaller set of plates

then the denovo PLCA.
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Caption follows on next page.
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Figure 5.6 (previous page): A novel plate coverage algorithm determines a sample-
specific plateset needed to focus culture-enriched metagenomic sequencing. A.
Pseudocode of the denovo plate coverage algorithm (PLCA) illustrates the method of sub-
setting a culture-enriched set into the minimal number of plates needed to cover all OTUs
above a user-defined threshold. A variation on this algorithm, the adjusted PLCA, is pre-
sented in Fig D.4. B. The number of plates predicted by the denovo and adjusted PLCAs
to sequence all OTUs in a single sputum sample with varying abundance cuto↵s. The
stacked bar chart represents the number of OTUs above the threshold (coloured bars), as
well as OTUs obtained below the threshold (light yellow bars) by consequence of being
present on plates within the PLCA plateset. A similar output for all sputum samples is
available in Fig D.5. The plate subsets for the denovo and adjusted PLCA, indicated by
the coloured subsets, at a high (C) and low (D) threshold indicate the importance of each
media/environment pairing employed.

The PLCA can be used at user-identified thresholds of OTU relative abundance

(Fig 5.6b). The denovo PLCA can provide a subset of plates which includes all

OTUs greater than a provided relative abundance in the culture-enriched sequencing.

In the adjusted PLCA, a second threshold determines the desired depth within the

culture-independent sputum sample (Fig D.4). Using di↵erent thresholds results

in a di↵erent number of plates and OTUs recovered (both those above the thresh-

old, which must be included, and those below the threshold which are included by

consequence of being present on a plate which is part of the optimal plateset) (Fig

5.6b). By examining the results of using the denovo PLCA at the upper and lower

thresholds of 10% and 0.05% across the 20 sputum samples within this study (Fig

5.6c-d, PLCA), we see that the plates needed to capture such diversity varies across

samples. Examining the results of applying the adjusted PLCA at similar thresholds,

we observe that less plates are needed in order to obtain the diversity within the

sputum sample, consistent with the enrichment of diversity with culture-enriched

methods (Fig. 5.6c-d, adjPLCA). Further, both aerobic and anaerobic environ-

ments are essential; specifically, every media/environment pairings employed as part
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of this culture-enriched sequencing approach is necessary in at least one sample (Fig

5.6c-d).

5.4.5 Culture-enriched metagenomic sequencing provides sim-

ilar bacterial taxonomic classifications as 16S rRNA

gene sequencing

Next, we displayed the capacity of these algorithms by employing the upper (10.0%)

and lower (0.05%) thresholds to the denovo and adjusted PLCA in the first sputum

sample in our collection (Fig 5.6c-d, orange outlines). This involved metagenomic

sequencing of 5 and 3 culture plates, respectfully, in comparison with the original

sputum sample. In order to verify our metagenomic sequencing techniques, we first

extracted 16S rRNA gene reads from the metagenomic sequencing and compared these

to the corresponding 16S rRNA amplicon data (Fig 5.7). High concordance of these

sequencing methods is observed between the samples in both taxonomic summaries

and PCoA analyses (Fig 5.7), indicating the reproducibility of these results. The

CHOC plate sequenced as part of the adjusted PLCA plateset is an exception to this

observation, seeing an expansion of the Lachnospiraceae family in the metagenomic

sequencing and a decrease in Veillonella spp. (Fig 5.7c).
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Figure 5.7: Metagenomic sequencing reveals similar bacterial communities to
16S rRNA gene sequencing. Comparisons of the bacterial composition of amplicon
16S rRNA gene communities to the 16S rRNA gene sequences obtained via whole-genome
metagenomics reveal similar communities in the culture conditions amplified as part of
the PLCA (A-B) and adjPLCA platesets. (C-D). Communities are compared visually
using taxonomic summaries (A,C) and quantitatively using Principal Coordinates Analysis
(B,D).
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5.4.6 Culture-enriched metagenomic sequencing provides greater

bacterial diversity when compared to metagenomic se-

quencing of the sputum sample directly.

With this verification complete, we conducted a co-assembly of the metagenomic

reads from each plateset into a set of contigs. The denovo PLCA contig set consisted

of 79,160 contigs with an mean length of 752.4bp (range 100-708,587bp) (adjusted

PLCA: 138,871 contigs, mean length 611.2bp, range 100-653,474bp). Further, we

binned the resulting contigs using available methods. CONCOCT is one commonly

used approach for binning contigs based on composition and coverage in the input

samples (Alneberg et al., 2014). Binning the denovo PLCA plateset with CONCOCT

identified 26 bins (Fig 5.8a). A Principal Components Analysis (PCA) of the con-

tigs, taking composition and coverage across the plateset into account, shows some

bins clustering away from others, such as bin (b) 20, as well as other bins which have

a sizeable amount of overlap, such as b13, 14, 16, and 21 (Fig 5.8a). Upon assigning

taxonomy to the contigs within each bin, we identify that bins that overlap in PCA

space, such as those of Streptococcus and Prevotella spp., belong to the same phylo-

genetic groups, whereas others are more taxonomically distinct. Importantly, some

bins contained small numbers of contigs for which a taxonomic identity could not be

defined, perhaps indicating mis-assembly of reads into chimeric contigs.
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Figure 5.8 (previous page): Binning of culture-enriched metagenomic contigs reveals
the diversity of this approach when compared to sputum metagenomics. A. Using
CONCOCT, culture-enriched metagenomic reads from 5 plates amplified according to the PLCA
were grouped into 26 bins. These bins are displayed here as a PCoA in which each dot represents
a contig coloured according to its bin classification. A greater diversity of organisms were obtained
via culture-enriched approaches as evident by separating each contig based on which sample they
originated from (colour) compared to which were not identified in a given sample (grey) (B); culture-
enrichment contributes to the biological binning of such organisms. Further, a greater number of
bacterial reads were obtained from culture-enriched sequencing (C) when compared to direct sputum
sequencing due to host-contamination in sputum metagenomics. The results of binning the 3 plates
sequenced in accordance with the adjPLCA is shown in Figure D.6.

Because of the ability of culture-enrichment to “biologically bin” organisms based

on selective media and the varied growth requirements of di↵erent bacteria, we can

use our knowledge of biological growth patterns to compare the contig bin identifica-

tions across culture conditions. Figure 5.8b divides the co-assembly to a per-plate

basis, displaying which contigs were constructed using reads from each plate. For ex-

ample, MacConkey agar, a known gram-negative selection media (MacConkey, 1905),

contributed reads which almost exclusively were assigned to a bin identified taxonom-

ically as Pseudomonas spp. Similarly, non-selective agar mediums such as Beef agar

contributed contigs from a variety of bacterial species (Fig 5.8b).

Importantly, the diversity identified in the co-assembly of the denovo PLCA plate-

set is not recapitulated in the sputum sample, which contains only contigs from Pseu-

domonas spp. (Fig 5.8b). Although this sputum sample was sequenced to a depth

50% deeper than the average plate pool sample (Sup Table D.2), the majority of

these aligned to the human genome and thus were subsequently culled (Fig 5.8c).

Similar results were obtained with the adjPLCA plateset (Fig D.6a). Binning

of this plateset with CONCOCT resulted in 28 bins, only 1 of which (taxonomically

assigned to Pseudomonas) was identified in the sputum sample (Fig D.6b).
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5.4.7 The biological implications of culture-enriched metage-

nomic sequencing di↵er depending on binning strategy

Recently, MaxBin (Wu et al., 2015) was identified as a more biologically-relevant

binning approach in an exhaustive benchmarking study of metagenomic software

(Sczyrba et al., 2017). Applying this binning strategy to our co-assembled denovo

PLCA contig set resulted in 12 bins, 14 less than the binning generated with CON-

COCT; similarly, binning on the adjusted PLCA contig set generated 17 bins versus

CONCOCT’s 28. In order to validate which approach was more biologically mean-

ingful, we compared the rank abundance curves of the maximum abundance of OTUs

from the 16S rRNA gene sequencing across the culture-enriched dataset (Fig 5.9a)

and the sputum sequencing (Fig 5.9b) to the metagenomic bins from denovo PLCA

and adjusted PLCA, respectively. MaxBin only identified 5 of the 10 expected OTUs

above the 10.0% threshold employed with denovo PLCA; however, CONCOCT iden-

tified all 10. Similarly, CONCOCT identified 11 of the 13 OTUs expected above the

0.05% threshold used in the adjusted PLCA algorithm whereas MaxBin identified

only 8 (Fig 5.9b).

Further statistical comparisons of the two approaches identify how di↵erent their

interpretations of the data are (Fig 5.9c-d). The number and concatenated length

of the contigs across the MaxBin bins generated for the PLCA plateset are very

evenly distributed (Fig 5.9c), with the expectation for a large number of short reads

which were not binned (Fig 5.9c, Unb). Further, there is an average of 75.1%

percent coverage of each bin to the closest reference genome (range: 34.2%-93.2%)

(Fig 5.9d). This is in contrast to CONCOCT which has a very uneven distribution

of contigs and their concatenated lengths across the bins (Fig 5.9c). This is reflected
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Figure 5.9: The results of culture-enriched metagenomic sequencing are depen-
dent on processing techniques. Both CONCOCT (purple arrows) and MaxBin (blue
arrows) were used to bin contig sets generated from the denovo PLCA and adjusted PLCA
algorithms. Bins were assigned a taxonomy and compared to OTUs which were targeted
with PLCA (OTUs above the orange dotted line) in the cultured OTU (A) and sputum
OTU (B) datasets. CONCOCT consistently created bins which more readily matched the
16S rRNA gene sequencing and identified all OTUs targeted by the PLCA algorithm and
11 of the 13 expected OTUs in the sputum sample. Di↵erences between MaxBin and CON-
COCT bins, ordered here by rank abundance curve, can be seen in the distribution of
contigs and their lengths among the bins (C) as well as the percent genome coverage of the
closest reference genome (D).
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in the 15 bins who have a percent coverage of  10% compared to the closest reference

genome.

The high taxonomic similarity between 16S rRNA gene sequencing with CON-

COCT versus MaxBin binning suggest that CONCOCT has more biologically accu-

rate results; however, the binning statistics indicate inconsistencies in CONCOCT

bin content which are not present in the MaxBin output. These results make any

biological interpretation of these data di�cult to elucidate.

5.5 Discussion

The decrease in cost and increase in massively parallelized sequencing technology has

revolutionized the way that the research community studies the human microbiota.

Our understanding of microbial communities and how they relate to health and a wide

variety of diseases and disorders are still being elucidated using these approaches. The

power of next generation sequencing technology cannot be argued with; however, in

this study, we show that complementing culture-independent approaches with cul-

ture enrichment can increase our understanding of human-associated communities, in

particular those of the lower respiratory tract.

In this study, we show that the majority of the CF lung microbiota is culturable.

More specifically, an average of 81% of OTUs identified in sputum were recovered by

culture across a 20 sample dataset; these OTUs represented an average of 99.15% of

the relative abundance of organisms within these sputum samples (Fig 5.2). These

findings follow from the pinnacle results of Sibley et al. who, using T-RFLP and

454 sequencing were also able to identify a culturable majority within the CF lung

microbiota (Sibley et al., 2011). These results are unsurprising even though the
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human microbiota is often described as unculturable; conventional CF pathogens,

including Pseudomonas aeruginosa, Staphylococcus aureus, Haemophilus influenzae,

and Burkholderia cepacia complex (Surette, 2014) are all readily culturable organisms,

which has contributed to the history of their treatment in CF lung disease (Sibley

et al., 2011). Further, the top OTUs identified in microbiota studies of the CF

airways, including Streptococcus, Prevotella, Veillonella, and Rothia, all have a strong

culturable history (Shah and Collins, 1990; Sibley et al., 2011; Gronow et al., 2010;

Georg and Brown, 1967). There were a few organisms which were consistently found

to be unculturable across this 20 sample dataset. Many of these organisms, including

those of the Spirochaetes, and TM7 phyla consist of organisms which are notoriously

di�cult to culture (Chi et al., 1999; Marcy et al., 2007). Further, none of these phyla

have been previously identified as common organisms in CF lung disease and thus

were not targeted in our culture-enrichment set of 13 media.

An increase in OTU diversity (Fig 5.2) and number (Fig 5.3) was obtained

from culture-dependent sequencing approaches when compared to 16S rRNA gene

sequencing of the sputum sample alone. These results indicate the advantage of

culture. General growth, high-nutrient media ensure that a wide-range of organisms

are able to grow in di↵erent niches across the plate surface area. Selective media

allow for the proliferation of low abundance organisms which may not be identified

via direct sequencing approaches. Anaerobic culture alone increases the number of

OTUs identified by 54%. When we consider the density of the human microbiota, it is

not surprising that low abundance organisms are missed by conventional sequencing;

it is not uncommon, for example, for the cystic fibrosis lung microbiota to reach a

density of 108 CFUs/mL (Meyer et al., 1997; Stressmann et al., 2011b). If marker
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gene sequencing produces 50,000 reads per sample, an organism identified by a single

read would equate to 0.002% relative abundance or 2x104CFUs/mL. Thus, many

organisms present within this microbial community at a low abundance could easily

be missed using culture-independent methods and conventional sequencing depths.

Further, anaerobic bacteria are known to occupy niches in the gastrointestinal tract

(Savage, 1977), vagina (Bartlett et al., 1977), and cystic fibrosis lung microbiota

(Tunney et al., 2008), explaining the increased diversity in OTUs identified from

media incubated under these conditions.

The plate coverage algorithms (PLCA) described within represents a way to use

16S rRNA (or other) marker gene analysis as a way to minimize the number of plates

that need to be interrogated with metagenomic sequencing in order to recapitulate the

functional diversity of the totality of the environment (denovo PLCA) or the diver-

sity as a function of the abundance within the originating sputum sample (adjusted

PLCA). These approaches, utilized here at the highest (10%) and lowest (0.05%)

thresholds available, were able to recapitulate the majority of targeted OTUs, depen-

dent on the metagenomic binning approaches used (Fig 5.9). A fraction of the OTUs

missed by the adjusted PLCA algorithm with a threshold of 0.05% were not enriched

for in the culture above the secondary threshold of 1% (Fig 5.9a, grey dots). The

use of � 1% relative abundance as a secondary threshold is an estimate based on

a number of metagenomic sequencing studies which have assembled draft genomes

(Sangwan et al., 2016; Hugerth et al., 2015; Nielsen et al., 2014). Future attempts

at this enrichment could correct for this by (a) expanding the media selection to in-

clude more selective media which would allow for the proliferation, and thus greater

relative abundance, of these microbes, or (b) employ deeper metagenomic sequencing
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then the average read depth of 14,688,868 reads used within this study.

When the taxonomic diversity of the 16S rRNA gene within the metagenomic

sequencing was compared to the amplicon data, the taxonomic assignment and diver-

sity were comparable across both the denovo and adjusted PLCA platesets (Fig 5.7)

with the exception of an expansion of Lachnospiraceae on the anaerobic CHOC plate

employed. Interestingly, when these data were subsequently binned and compared to

the closest reference genomes, no representatives of the Lachnospiraceae family were

observed. This indicates a potential mis-alignment of metagenomic sequences to the

16S rRNA gene reference database or to the existence of chimeric contigs.

Culture-enriched metagenomic sequencing reads were co-assembled, and binned

into groups whose taxonomy closely mirrored that of the 16S rRNA gene sequenc-

ing results (Fig 5.9a-b). However, the most appropriate bioinformatic workflow for

dealing with these reads has not been established. This is evident in the drasti-

cally di↵erent results that were obtained by two commonly used binning methods.

Most troubling are the di↵erences between percent coverage of the closest reference

genome between MaxBin and CONCOCT. CONCOCT’s binning process appears to

create spurious OTUs containing < 10 contigs with an average concatenated length

of 15,358bp; these contigs do not map well to NCBI’s RefSeq database and do not

provide high coverage of the closest reference genome. However, this may not be an

issue with CONCOCT and the binning process; instead, CONCOCT could be iden-

tifying chimeric contigs that have been created as part of the metagenomic assembly

across the plateset, and, given that their composition would not match any other set

of contigs, are being binned independently of others. Further benchmarking with real

data is necessary to compare metagenomic assemblers and binning techniques which
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can provide more biologically relevant interpretations of metagenomic data before

conclusive insights can be drawn.

In conclusion, the CF lung microbiota is a culturable majority. The combina-

tion of culture-enrichment with commonly used culture-independent approaches en-

hances the diversity of either approach alone and, baring future improvements in

metagenomic bioinformatic tools, will provide greater insight into human-associated

microbial communities.
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Chapter 6

Conclusions1

Within this body of work, I present the use of culture-independent and -dependent

methods to study the human respiratory tract in health and compare it to the ef-

fects of age and disease. Together with the co-authors of these studies, I have shown

how next generation sequencing can contribute to our understanding of the microbial

communities within the anterior nares, oropharynx, and lung. After establishing the

most biologically accurate bioinformatic tools for the processing of 16S rRNA gene

sequencing data (Chapter 2), we used this approach to study the upper respira-

tory tract in elderly individuals and compared these to publicly available data on

mid-aged adults (Chapter 3). In this study, we concluded that these communities

di↵er drastically as we age in terms of membership and diversity. Next, we applied

these approaches to the study of the lower respiratory tract in cystic fibrosis (CF)

(Chapter 4). Participants longitudinally collected sputum samples 3 times a week

1Some of the opinions and ideas presented within this Chapter have been previously published as
Whelan FJ & Surette MG (2015). Clinical Insights into Pulmonary Exacerbations in Cystic Fibrosis
from the Microbiome: What Are We Missing? Ann Am Thorac Soc 12(Supp2) S207-S211.
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for a year in order to test whether these communities are altered preceding the on-

set of pulmonary exacerbation (PE). In this study, we concluded that this was not

the case and that no consistent disturbances to this community were observed pre-

ceding PE. Following this conclusion, we wished to devise methods which could be

used to interrogate these communities in greater detail. As such, we built on the

culture-enrichment work of Sibley et al. (2011) to study the diversity of the CF lung

microbiota and to follow up this culture with metagenomic sequencing (Chapter 5).

This methodology allows for the recovery of an increased number of organisms while

mitigating the contamination of host DNA, a problematic contaminant in the direct

sequencing of sputum. While we concluded that the interpretation of metagenomic

sequencing results is software-dependent and problematic, this methodology paves

the way for future studies of the CF lung microbiota.

The general, over-arching hypothesis of my thesis research was that through next

generation sequencing technologies, we can study the totality of the microbial com-

munities in the upper and lower airways, allowing a better understanding of health

and disease. Specifically, I generated and tested two specific hypotheses; in the first,

I hypothesized that the microbial communities of the URT of elderly individuals is

altered in comparison to adults, making these individuals more susceptible to infec-

tion. By collecting nasal and oral samples from a set of elderly individuals, we were

able to show that these communities di↵er statistically from data of publicly avail-

able mid-aged adults; this result answers the first half of this hypothesis. However,

we were unable to show a causal link between these alterations and the elderly’s in-

creased risk for respiratory infection. We did identify an increase in Streptococcus
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spp. in these environments; however, PCR specific for Streptococcus pneumoniae, the

leading causative agent of pneumonia, did not identify an increase in carriage within

this population. Thus, I was unable to definitively answer the second part of this

hypothesis from the results of this study.

The conclusions which we obtained from this study of the elderly URT open up

many avenues for future research. The nasopharynx is the only community sampled

along the respiratory tract whose composition is unique (Charlson et al., 2011). It

could be hypothesized that this uniqueness contributes to this community acting as a

barrier between the environment and the rest of the respiratory tract. In this study,

we discovered that the anterior nares community enters a dysbiotic state as we age.

Taking this conclusion together with the fact that elderly are at higher risk of respi-

ratory infections, it could be suggested that this change in the microbiota is crucial

to the health of the elderly. Alternatively, as we age the epithelial cells in our nasal

passages develop a new physiology and dry out (Lindemann et al., 2008); an alterna-

tive hypothesis could be posed that the alterations in the nasal microbiota that we

observed in this study are unrelated to the increased risk of infection in the elderly

but instead is the e↵ect of a physiological change to this environment.

It should be noted that culture-enrichment of the elderly URT microbiota would be

predicted to increase recovered diversity as has been shown in the CF lung. However,

because there were few prior investigations of this community before we conducted

the study presented in Chapter 3 from which we could devise a culture-enrichment

scheme, and samples had already been collected (in an aerobic environment), we
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decided to address this hypothesis using culture-independent approaches. Applying

culture-enrichment to this environment could aid in answering a few important ques-

tions. The PCR reactions for the nasal swabs that were collected for this study were

di�cult to perform; in our experience this often means that these samples had very

small amounts of total DNA or have large amounts of non-bacterial DNA. Culture-

enrichment of these communities in parallel to those of healthy mid-aged adult nasal

communities would not only provide us with a deeper resolution as to the member-

ship of these microbiota, but would also allow us to compare the bacterial load in

this locale and how it changes with age. Perhaps respiratory infections are more able

to establish in the elderly simply because colonization, which is necessary to preclude

infection, is easier given the greater available real estate.

Further, we mention in the text of this study (see Discussion of Chapter 3)

that our investigations were limited to elderly which resided in nursing homes within

close geographical proximity to each other. Future studies of the elderly URT should

include community dwelling elderly as the underlying di↵erences in health of those

individuals who are able to live alone versus those in need of assisted living may

influence these results. In addition, these results may help further understand the

physiological di↵erences between these populations. Further, it would be interesting

to compare individuals from di↵erent parts of the country (or world) to each other.

Studies in the cystic fibrosis lung have identified geographical di↵erences in the lung

microbiota (Stressmann et al., 2011a), and seasonal di↵erences have already been

identified in the nasal cavity (Bogaert et al., 2011) indicating that the external envi-

ronment plays a large role in the colonization of these locales.
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As in all studies of the microbiota, it is important to consider the cause and e↵ect

relationship between the URT and respiratory infection in the elderly. It could be the

case that dysbiotic regulation of this community contributes to a loss in an environ-

mental barrier which then allows for increased rate of infection. However, it just as

equally could be the case that changes to the immune system e↵ect how pathogens

such as Streptococcus pneumoniae are dealt with as well as e↵ecting the microbiota

of the nose. If the results of future studies are able to solidify a causative e↵ect of

change in the microbiota of the URT in the elderly on incidence of respiratory infec-

tion, these results could help mitigate these changes. Some sort of nasal probiotic

could be used to help maintain these communities in their adult-like state; however

these therapeutics would be useless if these alterations were simply an e↵ect of larger,

body-wide dynamics.

My second specific hypothesis related to the cystic fibrosis lung microbiota. Specif-

ically, I hypothesized that using culture-dependent methods in conjunction with

culture-independent advancements in sequencing technologies would improve the tax-

onomic and functional resolution of the CF lung microbiota in order to elucidate

microbial processes within the CF lung which contributes to the onset of PE. We

conducted two separate investigations in order to test this hypothesis. The first

involved, longitudinal sampling of the CF lung microbiota, which did not indicate

taxonomic changes within these communities that could be consistently recognized

during the onset of PE; this study suggested that our hypothesis would be rejected

on the grounds of having found no di↵erences in these communities at the resolution
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of 16S rRNA gene sequencing. However, our investigations using culture-enrichment

and metagenomic sequencing identify a surplus of organisms which are not identified

via 16S rRNA gene sequencing of sputum alone, identifying that these microbial pro-

cesses within the lung community may have been missed in our longitudinal study.

Unfortunately, conflicting results from bioinformatic processing of the metagenomic

sequencing forced us to spend more time benchmarking new software rather than

being able to fully elucidate the biological implications of these communities. While

it has been exciting being on the forefront of these technological advancements, it

has also been a frustrating process. Future studies which follow the next wave of im-

provements in metagenomic sequencing technologies will be needed in order to fully

answer this hypothesis.

Our studies of the cystic fibrosis lung microbiota aimed to get at the root of the

cause and e↵ect issue of microbiota studies by collecting sputum samples prior to on-

set of symptoms related to PE. In most studies, samples are collected once treatment

for PE has already begun, meaning that any microbial changes in these communities

which could be initiating such an event would have already occurred and antibiotic

treatment, which would greatly a↵ect these communities, has begun. Through the

amazing collaboration that our laboratory has had with the Alberta Adult Cystic

Fibrosis Clinic, we were able to obtain sputum at hospital admission and before es-

calation of antibiotic therapy for treatment of PE.

Our use of 16S rRNA gene sequencing technologies to longitudinally study the CF
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lung microbiota in 6 Participants concluded that there were no consistent, identify-

ing changes in these communities preceding PE onset. While disappointing that this

study’s conclusions included negative results, I think this and other similar studies

(Carmody et al., 2015; Cuthbertson et al., 2015) are important to keep in mind as

this field progresses.

Dr. Surette and I have theorized that PEs may be brought on by a small, active

community within the lung that constitutes a minority of the sputum sample being

profiled (Whelan and Surette, 2015). In this model, the microbiota of the CF lung

during stability would signify the “stable state” community; upon PE, a small active

community may break away from this stable community and change in composition,

function, or virulence in a manner that activates an immune response. However,

because the sputum sample represents multiple areas of the lungs, this small active

community may not be distinguishable from sequencing noise (Fig 6.1).

Unfortunately, it is di�cult to test this theory directly using 16S rRNA gene se-

quencing technologies as the least invasive way of sampling this community is via the

expectorated sputum that patients produce during physical therapy. More invasive

procedures such as BALs similarly would not be able to distinguish stable from active

communities. One possibility would be to separate the heterogeneous chunks present

within an expectorated sputum sample and isolate the DNA separately from each;

however, even if this approach was able to distinguish populations, there would be

no way of knowing which population corresponded to the active driver of PE.
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Figure 6.1: A simple, hypothetical model of microbiota distribution in stable
and exacerbating lungs. In this model, sputum produced during an exacerbation is
a combination of the stable subpopulation present before exacerbation onset and the ac-
tive subpopulation driving disease. Because this active community may be only a small
proportion of the total sample, it is di�cult to elucidate using molecular profiling tech-
niques. Each colour represents a di↵erent bacterial species. This figure and accompanying
label originally appeared in Whelan and Surette (2015) and has been reproduced here with
permission. Copyright c� the American Thoracic Society.
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Luckily, the answer may lie in other technologies. Sequencing of the bacterial RNA

within the lung during stability and exacerbation should be able to distinguish these

populations from each other; in order to encourage an immune response, it could be

presumed that the active population is proliferating and transcribing DNA to even-

tually translate into proteins. Conducting bacterial RNA sequencing of sputum im-

mediately after production would be an interesting future study. This technology has

been used in a few previous studies with limited results; similar to issues with shotgun

metagenomic sequencing, RNA sequencing of sputum samples would be plagued with

host RNA. In fact, we did try this approach with a sputum sample collected as part

of the culture-enrichment study and identified �97% host RNA in our results (data

not shown). Unlike metagenomic sequencing which we can use culture-enrichment to

biologically diversify and rid of host contamination, bacterial RNA sequencing must

be done on the sputum sample directly in order to best capture the signature of this

active population. Continual improvements in sequence capability and reductions in

sequencing costs should soon make it feasible to sequence these populations at great

depth, to extract the bacterial RNA in silico. These results would determine whether

the stable/active population model of the CF lung microbiota which we propose is

supported.

Answering both of these specific hypotheses aids in answering the more general

question of this thesis which is whether these approaches are viable options for gaining

a better understanding of the respiratory tract in health and disease. I believe that

the data and results presented within support this hypothesis. Our research made

great strides for the understanding of the elderly URT, and outlined bioinformatic
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tools and culturing approaches necessary for the use of culture to inform metagenomic

sequencing. However, in general, I believe that microbiota studies have to better un-

derstand the limitations of next generation sequencing approaches. Without these

methods being used in conjunction with others, it is impossible to know the actual

load of bacteria within an environment, and whether the DNA being sequenced is

from viable organisms. The samples that we use to study these communities are a

proxy; geographical information is lost and hints at the inhibition or synergistic re-

lationships between organisms cannot be inferred. Instead, the field of microbiome

research needs to combine the power of next generation sequencing with microbiology

to better understand the dynamics within these communities.

Ultimately, what is most important is how these studies of the respiratory micro-

biota can a↵ect patient care. There is an element of self-interest and basic science to

wanting to understand the dynamics and ecology of these communities, but person-

ally I am more interested in seeing these results translated into clinical care. I think

that the research presented within has laid the groundwork for such translations and

that future research in these areas, as outlined above, can truly help us understand

and treat implications of age and disease in the upper and lower respiratory tracts.

158



Chapter 7

Bibliography

Aaron, S. D., Ramotar, K., Ferris, W., Vandemheen, K., Saginur, R., Tullis, E.,

Haase, D., Kottachchi, D., St Denis, M., and Chan, F. (2004). Adult cystic fibrosis

exacerbations and new strains of Pseudomonas aeruginosa. Am. J. Respir. Critical

Care Medicine, 169(7), 811–5.

Accurso, F. J., Rowe, S. M., Clancy, J., Boyle, M. P., Dunitz, J. M., Durie, P. R.,

Sagel, S. D., Hornick, D. B., Konstan, M. W., Donaldson, S. H., Moss, R. B.,

Pilewski, J. M., Rubenstein, R. C., Uluer, A. Z., Aitken, M. L., Freedman, S. D.,

Rose, L. M., Mayer-Hamblett, N., Dong, Q., Zha, J., Stone, A. J., Olson, E. R.,
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Figure A.1: Full schematic of the sl1p software. sl1p is a pipeline script which calls
a series of sub-routines based on user-defined parameters given as a series of runtime flags.
This Figure accompanies Figure 2.1.
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Figure A.2: Comparisons of various thresholds for quality trimming. Sickle takes
as input a quality threshold with which it determines its quality trimming parameters.
Here, we compare the results with a threshold of 30 (Fig 2.3) with sequentially lower
quality threshold inputs into sickle.
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Figure A.3: Outline of reads lost in the URTCul dataset during sl1p’s quality
control pipeline. More input reads were culled during the PANDAseq alignment step
in this dataset compared to HMP-mock (Fig 2.3), possibly due to a di↵erence in target
variable region length between the two datasets.
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Figure A.4: OTU clustering methods perform variably when OTUs  1 read are
culled. When 8 methods were used on a control community of known composition, many
reported vastly increased OTU counts compared to known sample diversity (n=20, dotted
line). Singletons and non-bacterial sequences were removed as part of sequence processing.
The dotted line indicates the expected number of OTUs.
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Figure A.5: OTU clustering methods perform variably when all OTUs are in-
cluded. As visualized in Figure 2.4, the number of observed OTUs varies depending on
clustering approach. Variability is also observed between sequencing and PCR replicates.
OTUs not recognized as Bacteria were removed prior to analysis.
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Figure A.6: Swarm also over-estimates sample diversity. A. When sl1p-generated
quality filtered reads were used to pick OTUs with the Swarm algorithm, it also over-
estimated within-sample diversity. B. However, maybe of these spurious OTUs are sin-
gletons, indicated by the decrease in the number of OTUs per sample after singletons are
removed.
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Figure A.7: The number of observed OTUs converges on the expected commu-
nity composition as low-abundance OTUs are removed. OTUs with less than n
reads were removed (n=2 to n=10); as n increases, the number of observed OTUs decreases
towards the known sample diversity (n=20, dotted lined).
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Figure A.8: Taxa present in the taxonomic assignment of HMP-mock1. For
the first HMP mock community, the genus-level taxonomic assignments are compared to
the known mock community in terms of taxonomic assignment and estimated proportions.
Mis-assigned taxa are identified with overlaid patterns.
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Bacteria.Firmicutes.Bacilli.Lactobacillales.Enterococcaceae.
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Bacteria.Firmicutes.Bacilli.Bacillales.Bacillaceae.Bacillus
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Bacteria.Firmicutes.Bacilli.Lactobacillales.Lactobacillaceae.Lactobacillus

Bacteria.Firmicutes.Bacilli.Lactobacillales.Streptococcaceae.Streptococcus

Bacteria.Firmicutes.Clostridia.Clostridiales.Clostridiaceae.Clostridium
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Bacteria.Proteobacteria.Gammaproteobacteria.Enterobacteriales.Enterobacteriaceae.Escherichia

Bacteria.Proteobacteria.Gammaproteobacteria.Pseudomonadales.Moraxellaceae.Acinetobacter
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Bacteria.Proteobacteria.Gammaproteobacteria.Pseudomonadales.Pseudomonadaceae.Pseudomonas

Bacteria.Firmicutes.Bacilli.Lactobacillales.Enterococcaceae.

Bacteria.Proteobacteria.Deltaproteobacteria.Desulfovibrionales.Desulfovibrionaceae.Desulfovibrio

Bacteria.Proteobacteria.Gammaproteobacteria.Enterobacteriales.Enterobacteriaceae.

Bacteria.Proteobacteria.Gammaproteobacteria.Pseudomonadales.Moraxellaceae.

Bacteria..Thermi..Deinococci.Deinococcales.Deinococcaceae.Deinococcus

Bacteria.Actinobacteria.Actinobacteria.Propionibacteriales.Propionibacteriaceae.Propionibacterium

Bacteria.Firmicutes.Clostridia.Clostridiales.Clostridiaceae.Sarcina

Bacteria.Firmicutes.Clostridia.Clostridiales.OPB54.

Bacteria.Proteobacteria.Alphaproteobacteria.Rhizobiales.Phyllobacteriaceae.Phyllobacterium

Bacteria.Proteobacteria.Gammaproteobacteria.Enterobacteriales.Enterobacteriaceae.Enterobacter

Bacteria.Other.Other.Other.Other.Other

Bacteria.Firmicutes.Bacilli.Lactobacillales.Other.Other

Bacteria.Firmicutes.Bacilli.Lactobacillales.Streptococcaceae.Other

Bacteria.Firmicutes.Clostridia.Other.Other.Other

Bacteria.Firmicutes.Clostridia.Clostridiales.Other.Other

Bacteria.Proteobacteria.Gammaproteobacteria.Enterobacteriales.Enterobacteriaceae.Other

Bacteria.Firmicutes.Other.Other.Other.Other

Bacteria.Firmicutes.Bacilli.Gemellales..

Bacteria.Firmicutes.Clostridia.Clostridiales.Clostridiaceae.02d06

Bacteria.Proteobacteria.Epsilonproteobacteria.Campylobacterales.Helicobacteraceae.Flexispira

Bacteria.Proteobacteria.Gammaproteobacteria.Other.Other.Other

Bacteria.Proteobacteria.Gammaproteobacteria.Enterobacteriales.Enterobacteriaceae.Escherichia.Shigella

Bacteria.Firmicutes.Bacilli.Bacillales.Bacillaceae.

Bacteria.Firmicutes.Clostridia.Clostridiales.Clostridiaceae.
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Bacteria.Firmicutes.Bacilli.Lactobacillales.Streptococcaceae.Lactococcus

Bacteria.Proteobacteria.Gammaproteobacteria.B38.f.g

Taxa < 1%

Wrong taxonomic assignment
Correct assignment but above the genus level

Figure A.9: Taxon assignment of HMP-mock2. Taxa were assigned to OTUs resulting
from sl1p’s options for OTU clustering, taxon assignment, and choice of reference database.
Resulting taxa was compared to the known composition of the community The Human
Microbiome Project Consortium (2012a) to determine correct taxa assignment.
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Figure A.10: E↵ects of data processing and PCR/sequencing replicates on ↵
diversity metrics. Samples from the HMP-mock community were used to calculate Shan-
non, Chao1, and Simpson measures of ↵ diversity. Together with Figure 2.6, these results
indicate that choice of OTU clustering algorithm creates large variability in the resulting di-
versity output. Further, variation is observed across PCR and sequencing replicates, which
is only partially mitigated by use of rarefaction (B).
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Figure B.1: �-diversity calculated with the full-length v1-3 (A) and v3-5 (B)
16S rRNA sequences obtained from NIHs Human Microbiome Project produce
similar clustering patterns as those trimmed to just the v3 region. Because the
Human Microbiome Project samples were processed with a technology that allowed for
longer read-length then we obtained for the nursing home cohort, we trimmed the Human
Microbiome Project sequences for OTU comparisons. However, taxonomic comparisons
were completed on the full-length v1-3 (A) and v3-5 (B) Human Microbiome Project se-
quences with the nursing home cohort to ensure that trimming did not a↵ect the dataset
in any way.
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Figure B.2: �-diversity calculated with measures other then weighted UniFrac
produce similar clustering patterns. In addition to the weighted UniFrac metrics used
in Figure 3.2, Bray Curtis (A) and unweighted UniFrac (B) metrics were additionally used.
The elderly anterior nares and oropharynx samples cluster together, as was seen using
weighted UniFrac.

Table B.1: Collected metadata from the nursing home cohort.All metadata
was examined in conjunction with �-diversity measures. No associations between the
microbiota of the elderly and these data where discovered.

General Co-morbidities Vaccination Information
Age COPD Influenza (seasonal, 2009)
Gender CHF Influenza (H1N1, 2009)
Nursing room residence Arrhythmia Whether Influenza vaccine ever received
Swab biogeography CAD Whether Pneumonia vaccine ever re-

ceived
# of medications Asthma Pneumovax (within last 5 years)
Cognition Anemia Whether Influenza prophylaxis received
Behaviour Dementia
Mood CVA
Education DM
Contact with children Hypothyroid
In shared room Smoker
Barthel score Influenza within last year
Frailty score
Death during study
Hospitalization during study
Development of pneumonia during
study
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Figure B.3: The taxonomic distributions of rare taxa (<1% relative abundance)
of the mid-aged adult oropharynx, elderly adult oropharynx, mid-aged adult
anterior nares, and elderly adult anterior nares. Percentages indicate relative abun-
dance of each taxon in the corresponding category. Abundances have been split into rare
(between 0.1-1%) and very rare (0.01-0.1%) for visualization purposes.
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Figure B.4: ↵-diversity measures calculated on the mid-aged adult and elderly
anterior nares and oropharynx samples displays a loss of species diversity in the
elderly oropharynx. Observed species and Shannon ↵-diversity measures were calculated
on the Human Microbiome Project and nursing home cohort samples grouped by biogeog-
raphy. A decrease in Shannon diversity in the elderly oropharynx indicates a loss of species
richness at this locale with age, which is seen as an increase in the Observed Species.
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Table B.2: Statistically significant di↵erences between the adult (HMP) and
elderly (NHC) oropharynx.

Taxon Probabil-

ity

Bonferr-

oni

corrected

FDR cor-

rected

NHC

Orophar-

ynx mean

HMP

Orophar-

ynx mean

Root;p Firmicutes;c Bacilli;o Bacillales

;f Paenibacillaceae;g Brevibacillus

1.52263329

728E-018

2.46666594

16E-016

2.46666594

16E-016

0.00746439

15

0

Root;p Firmicutes;c Bacilli;o Bacillales

;f Bacillaceae;g Bacillus

8.18259825

899E-018

1.32558091

796E-015

6.62790458

978E-016

0.00211000

69

0.00001103

9

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;f Alcaligenace

ae;g Achromobacter

1.45787982

75E-017

2.36176532

054E-015

7.87255106

847E-016

0.01193089

75

2.72692381

142E-006

Root;p Firmicutes;c Bacilli;o Bacillales

;f Staphylococcaceae;g Staphylococcus

6.62540488

638E-017

1.07331559

159E-014

2.68328897

898E-015

0.03922698

78

0.00024864

03

Root;p Firmicutes;c Bacilli;o Bacillales

;Other;Other

1.59209810

065E-016

2.57919892

305E-014

5.15839784

609E-015

0.00037784

16

2.28333961

252E-006

Root;p Proteobacteria;c Gammaproteo

bacteria;o Oceanospirillales;Other;Oth

er

7.69545957

278E-016

1.24666445

079E-013

2.07777408

465E-014

0.00020745

48

0

Root;p Proteobacteria;c Alphaproteob

acteria;o Rhodospirillales;f Acetobacte

raceae;g Acidocella

7.74766598

889E-016

1.25512189

02E-013

1.79303127

172E-014

0.00039044

11

0

Root;p Firmicutes;c Bacilli;o Bacillales

;f Bacillaceae;Other

1.34427927

787E-015

2.17773243

015E-013

2.72216553

769E-014

0.00122471

19

4.78391647

284E-006

Root;p Proteobacteria;c Gammaproteo

bacteria;o Enterobacteriales;f Enterob

acteriaceae;g Escherichia

1.54506721

784E-015

2.50300889

29E-013

2.78112099

211E-014

0.00422827

71

9.03186570

558E-005

Root;p Firmicutes;c Bacilli;o Bacillales

;f Paenibacillaceae;g Aneurinibacillus

5.75977112

418E-015

9.33082922

118E-013

9.33082922

118E-014

0.00031838

12

0

Root;p Proteobacteria;c Gammaproteo

bacteria;o Xanthomonadales;f Xantho

monadaceae;g Rhodanobacter

1.94787444

701E-014

3.15555660

415E-012

2.86868782

196E-013

0.00445402

81

0

Root;p Actinobacteria;c Actinobacteri

a;o Bifidobacteriales;f Bifidobacteriace

ae;g Bifidobacterium

8.73280108

817E-014

1.41471377

628E-011

1.17892814

69E-012

0.00206350

87

9.05535192

035E-005
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Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g

3.01938386

92E-013

4.89140186

811E-011

3.76261682

162E-012

0.00039770

36

8.30552247

132E-006

Root;p Cyanobacteria;c Chloroplast;o

Streptophyta;f ;g

6.86825893

975E-013

1.11265794

824E-010

7.94755677

314E-012

0.00150939

54

5.38674280

623E-005

Root;p Bacteroidetes;c Sphingobacteri

a;o Sphingobacteriales;f ;g Flavisolibac

ter

7.66008000

215E-013

1.24093296

035E-010

8.27288640

232E-012

0.00086024

96

1.55038759

69E-006

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Eubacteriaceae;Other

3.41112581

43E-012

5.52602381

917E-010

3.45376488

698E-011

0.00011911

08

0

Root;p Proteobacteria;c Alphaproteob

acteria;o Caulobacterales;f Caulobacte

raceae;Other

8.82329715

475E-011

1.42937413

907E-008

8.40808317

1E-010

0.01958284

05

0.00042510

17

Root;p Proteobacteria;c Alphaproteob

acteria;Other;Other;Other

9.72754256

177E-011

1.57586189

501E-008

8.75478830

559E-010

0.00032818

47

5.85278390

069E-006

Root;p Tenericutes;c Erysipelotrichi;o

Erysipelotrichales;f Erysipelotrichacea

e;g Clostridium

2.55604684

863E-010

4.14079589

478E-008

2.17936626

041E-009

0.00017382

91

2.68884232

491E-006

Root;p Proteobacteria;c Alphaproteob

acteria;o Sphingomonadales;Other;Oth

er

1.26858333

312E-009

2.05510499

965E-007

1.02755249

983E-008

0.00049862

91

8.31654359

698E-006

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;Other;Other

1.38659701

862E-009

2.24628717

016E-007

1.06966055

722E-008

0.00268539

43

4.17984696

06E-005

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;Other;Other

4.28656809

936E-009

6.94424032

096E-007

3.15647287

316E-008

0.05660498 0.00545882

6

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;Other

5.39511137

084E-009

0.00000087

4

0.00000003

8

0.00217673

37

3.82788334

623E-005

Root;p Proteobacteria;c Gammaprote

obacteria;o Pseudomonadales;f Pseudo

monadaceae;g Pseudomonas

7.27394585

089E-009

1.17837922

784E-006

4.90991344

935E-008

0.00748329

63

0.00070382

49

Root;p Tenericutes;c Erysipelotrichi;o

Erysipelotrichales;f Erysipelotrichacea

e;g

1.12501088

391E-008

1.82251763

193E-006

7.29007052

771E-008

0.00015813

85

0.00000830

8

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Lactobacillaceae;Other

2.13650467

575E-008

3.46113757

471E-006

1.33120675

95E-007

0.00084092

03

2.16477055

375E-006
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Root;p Tenericutes;c Erysipelotrichi;o

Erysipelotrichales;f Erysipelotrichacea

e;g Bulleidia

2.27445683

508E-008

3.68462007

283E-006

1.36467410

105E-007

0.00062352

47

8.86727297

071E-005

Root;p Proteobacteria;c Alphaproteob

acteria;o Rhizobiales;Other;Other

7.10662729

184E-008

1.15127362

128E-005

4.11169150

457E-007

0.00099933

74

6.90206433

972E-005

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Carnobacteriaceae;g

1.00136460

467E-007

1.62221065

957E-005

5.59382986

059E-007

0.01797156

13

0.00030749

7

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Enterococcaceae;g Enterococcu

s

1.04809857

996E-007

1.69791969

953E-005

0.00000056

6

0.00054278

67

0.00001997

6

Root;p Firmicutes;c Bacilli;o Bacillales

;f Planococcaceae;Other

1.71233042

751E-007

2.77397529

256E-005

8.94830739

536E-007

8.26849316

929E-005

7.08155114

298E-007

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Corynebacteriac

eae;g Corynebacterium

1.75505152

47E-007

2.84318347

001E-005

8.88494834

379E-007

0.02242663

48

0.00081131

72

Root;p Actinobacteria;c Actinobacteri

a;o Coriobacteriales;f Coriobacteriacea

e;g Collinsella

2.24660972

556E-007

3.63950775

541E-005

1.10288113

8E-006

0.00017066

75

1.17063461

608E-005

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Ruminoc

occus

7.25207632

916E-007

0.00011748

36

3.45540107

448E-006

0.00027619

77

1.66089390

363E-005

Root;p Proteobacteria;c Gammaproteo

bacteria;o Pseudomonadales;f Moraxel

laceae;g

1.01364993

102E-006

0.00016421

13

4.69175110

93E-006

0.00012576

65

8.06290285

792E-006

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Lactobacillaceae;g Lactobacillu

s

1.17452309

86E-006

0.00019027

27

5.28535394

371E-006

0.03616695

08

0.00013970

69

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Streptococcaceae;g Lactococcu

s

0.00000117

6

0.00019051

03

5.14892699

28E-006

0.01952750

65

8.91417762

353E-006

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;f Burkholderia

ceae;g Burkholderia

1.33045998

056E-005

0.00215534

52

5.67196096

974E-005

0.00390411

93

3.52315258

837E-005

Root;p TM7;c TM7-3;o EW055;f ;g 3.88608274

887E-005

0.00629545

41

0.00016142

19

0.00113635

63

0.00016777

86
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Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Lachnospiraceae;g Dorea

5.85537897

122E-005

0.00948571

39

0.00023714

28

6.37281013

629E-005

6.15172175

705E-006

Root;p Proteobacteria;c Gammaproteo

bacteria;o Xanthomonadales;f Xantho

monadaceae;Other

7.01418497

495E-005

0.01136297

97

0.00027714

58

0.00164205

55

0.00012682

79

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXI.Incerta

eSedis;g Anaerococcus

7.08997449

97E-005

0.01148575

87

0.00027347

04

0.00055566

86

6.95709276

259E-006

Root;p Bacteroidetes;Other;Other;Oth

er;Other

0.00022640

51

0.03667762

57

0.00085296

8

2.26315473

148E-005

0.00265342

65

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Microbacteriace

ae;g Microbacterium

0.00024669

08

0.03996390

68

0.00090827

06

6.32794646

736E-005

6.69758463

853E-006

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;Other;Other

0.00030552

78

0.04949550

03

0.0010999 0.00006886

2

0.00201742

19

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;f Alcaligenace

ae;g Alcaligenes

0.00040522

72

0.06564680

54

0.00142710

45

5.14797512

125E-005

4.42394110

141E-006

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXI.Incerta

eSedis;g Peptoniphilus

0.00043445

04

0.07038096

82

0.00149746

74

0.00030830

05

7.16882846

644E-006

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Faecaliba

cterium

0.00072530

53

0.11749945

86

0.00244790

54

0.00096043

89

0.00015781

48

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Veillonellaceae;g Veillonella

0.00081802

5

0.13252004

51

0.00270449

07

0.03665903

38

0.08239139

09

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXIII.Incer

taeSedis;g Mogibacterium

0.00086683

34

0.14042701

87

0.00280854

04

5.56586698

987E-005

0.00144894

24

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Oscillospi

ra

0.00150716

31

0.24416041

93

0.00478745

92

0.00081065

52

0.00010199

48

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;f Porphyromonadaceae;g

Porphyromonas

0.00206207

85

0.33405671

2

0.00642416

75

0.00046746

16

0.02800182

97
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Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Propionibacteria

ceae;g Propionibacterium

0.00381130

16

0.61743085

84

0.01164963

88

0.00925845

12

0.00208608

8

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Peptostreptococcaceae;g Pept

ostreptococcus

0.00503008

5

0.81487376

74

0.01509025

5

7.18761588

871E-005

0.00285491

89

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Lachnospiraceae;Other

0.00565466

62

0.91605592

88

0.01665556

23

0.01802047

41

0.04118920

07

Root;p Bacteroidetes;c Flavobacteria;

o Flavobacteriales;f Flavobacteriaceae;

Other

0.00670012

07

1.08541956

04

0.01938249

21

0.00011638

92

0.00339686

82

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;f Prevotellaceae;g Prevo

tella

0.00822073

2

1.33175858

23

0.02336418

57

0.06414977

69

0.12296376

04

Root;p Proteobacteria;c Epsilonproteo

bacteria;o Campylobacterales;Other;O

ther

0.01045353

69

1.69347297

69

0.02919780

99

1.63837636

576E-006

0.00038130

2

Root;p Proteobacteria;c Gammaproteo

bacteria;o Pasteurellales;f Pasteurellac

eae;g Haemophilus

0.01137191

05

1.84224950

61

0.03122456

79

0.00651535

46

0.06092532

54

Root;p Proteobacteria;c Gammaproteo

bacteria;o Pasteurellales;f Pasteurellac

eae;Other

0.01149025

34

1.86142105

19

0.03102368

42

0.00016293

55

0.00688557

16

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;f Prevotellaceae;Other

0.01410211

18

2.28454211

01

0.03745151 0 0.00019782

04

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Streptococcaceae;Other

0.01591011

15

2.57743806

23

0.04157158

17

0.00021565

09

0.00592922

57

Root;p Proteobacteria;c Epsilonproteo

bacteria;o Campylobacterales;f Campy

lobacteraceae;g Campylobacter

0.01732796

66

2.80713059

1

0.04455762

84

0.00181086

07

0.00710355

77
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Table B.3: Statistically significant di↵erences between the adult (HMP) and
elderly (NHC) anterior nares.

Taxon Probabil-

ity

Bonferr-

oni

corrected

FDR cor-

rected

NHC

Anterior

nares

mean

HMP

Anterior

nares

mean

Root;p Firmicutes;c Bacilli;o Bacillales

;f Paenibacillaceae;g Brevibacillus

4.48378911

153E-036

8.16049618

298E-034

8.16049618

298E-034

0.01703424

91

0

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;f Alcaligenace

ae;g Achromobacter

1.51063860

472E-035

2.74936226

059E-033

1.37468113

03E-033

0.02887246

89

1.95877560

854E-006

Root;p Proteobacteria;c Betaproteoba

cteria;o Neisseriales;f Neisseriaceae;g

Neisseria

1.45169737

983E-034

2.64208923

129E-032

8.80696410

429E-033

0.04609740

87

0.00164421

19

Root;p Proteobacteria;c Gammaproteo

bacteria;o Xanthomonadales;f Xantho

monadaceae;g Rhodanobacter

8.95625604

71E-029

1.63003860

057E-026

4.07509650

143E-027

0.00471195

04

0

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Veillonellaceae;g Selenomona

s

1.10251436

44E-027

2.00657614

32E-025

4.01315228

64E-026

0.00300620

84

0.00013266

03

Root;p Proteobacteria;c Gammaprote

obacteria;o Pseudomonadales;f Pseudo

monadaceae;g Pseudomonas

2.66728937

425E-026

4.85446666

113E-024

8.09077776

855E-025

0.01596698

73

0.00071497

52

Root;p Proteobacteria;c Gammaproteo

bacteria;o Xanthomonadales;f Xantho

monadaceae;Other

6.56072857

E-022

1.19405259

974E-019

1.70578942

82E-020

0.00187776

15

2.34431061

967E-005

Root;p Proteobacteria;c Gammaproteo

bacteria;o Oceanospirillales;Other;Oth

er

3.34191857

051E-021

6.08229179

833E-019

7.60286474

792E-020

0.00030282

55

4.75219670

291E-006

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Lachnospiraceae;g

5.85397274

01E-021

1.06542303

87E-018

1.18380337

633E-019

0.00208906

67

0.00007255

2

Root;p Proteobacteria;c Alphaproteob

acteria;o Rhodospirillales;f Acetobacte

raceae;g Acidocella

1.31990485

437E-020

2.40222683

495E-018

2.40222683

495E-019

0.00062500

25

0
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Root;p Firmicutes;c Bacilli;o Bacillales

;f Bacillaceae;g Bacillus

4.08552405

449E-017

7.43565377

917E-015

6.75968525

379E-016

0.00496801

97

0.00018341

96

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;Other;Other

1.12337554

667E-016

2.04454349

494E-014

1.70378624

579E-015

0.00514540

04

0.00011911

85

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Enterococcaceae;g Enterococcu

s

1.06287018

288E-015

1.93442373

285E-013

1.48801825

604E-014

0.00096820

31

1.61556111

471E-005

Root;p Proteobacteria;c Alphaproteob

acteria;o Caulobacterales;f Caulobacte

raceae;Other

1.12300367

886E-015

2.04386669

553E-013

1.45990478

252E-014

0.03194443

28

0.00116494

83

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Ruminoc

occus

4.08363170

576E-015

7.43220970

448E-013

4.95480646

965E-014

0.00105845 2.08294575

281E-005

Root;p Firmicutes;c Bacilli;o Bacillales

;f Paenibacillaceae;g Aneurinibacillus

5.41086315

688E-015

9.84777094

551E-013

6.15485684

095E-014

0.00022028

15

0

Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;f Burkholderia

ceae;g Burkholderia

1.38159344

799E-014

2.51450007

534E-012

1.47911769

138E-013

0.01007861

11

3.16235333

714E-005

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Micrococcaceae;

g Rothia

2.66788442

154E-014

4.85554964

721E-012

2.69752758

178E-013

0.03087497

26

0.00060577

28

Root;p Firmicutes;c Bacilli;o Bacillales

;f Paenibacillaceae;g Paenibacillus

3.69336655

44E-014

6.72192712

9E-012

3.53785638

368E-013

0.00014304

85

4.09854068

608E-006

Root;p Proteobacteria;c Gammaproteo

bacteria;o Enterobacteriales;f Enterob

acteriaceae;g Escherichia

1.33389796

825E-013

2.42769430

222E-011

1.21384715

111E-012

0.00938600

56

0.00081863

67

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Veillonellaceae;g Veillonella

1.49071282

54E-013

2.71309734

224E-011

1.29195111

535E-012

0.03919151

66

0.00191673

35

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g

2.30601421

191E-013

4.19694586

568E-011

1.90770266

622E-012

0.00171810

89

5.80015657

475E-005

Root;p Bacteroidetes;c Sphingobacteri

a;o Sphingobacteriales;f ;g Flavisolibac

ter

5.52306407

613E-013

1.00519766

186E-010

4.37042461

676E-012

0.00182005

01

1.06058368

729E-005

Root;p Tenericutes;c Erysipelotrichi;o

Erysipelotrichales;f Erysipelotrichacea

e;g Bulleidia

1.61368189

711E-012

2.93690105

273E-010

1.22370877

197E-011

0.00020879

01

0
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Root;p Proteobacteria;c Betaproteoba

cteria;o Burkholderiales;f Oxalobacter

aceae;g Massilia

3.05309486

78E-012

5.55663265

94E-010

2.22265306

376E-011

0.00021189

08

7.23593523

212E-006

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;f Prevotellaceae;g Prevo

tella

3.14259677

91E-012

5.71952613

796E-010

2.19981774

537E-011

0.05904315

8

0.00406824

68

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Leuconostocaceae;g Leuconost

oc

1.09353438

681E-011

0.00000000

2

7.37123179

26E-011

9.39533394

962E-005

2.56765548

302E-006

Root;p Actinobacteria;c Actinobacteri

a;o Coriobacteriales;f Coriobacteriacea

e;g Atopobium

1.41162313

984E-011

2.56915411

451E-009

9.17555040

897E-011

0.00300264 3.41632181

954E-005

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Streptococcaceae;g Lactococcu

s

2.79041746

082E-011

5.07855977

87E-009

1.75122750

99E-010

0.00732596

23

0.00055172

24

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ;g

5.38215379

602E-011

9.79551990

876E-009

3.26517330

292E-010

0.00134456

98

0.00011164

73

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Bacteroid

es

6.57161883

902E-011

0.00000001

2

3.85817622

162E-010

0.00030319

39

2.64026751

19E-006

Root;p Tenericutes;c Erysipelotrichi;o

Erysipelotrichales;f Erysipelotrichacea

e;g

1.09402433

416E-009

1.99112428

816E-007

6.22226340

051E-009

0.00046366

91

2.69202172

148E-005

Root;p Tenericutes;c Erysipelotrichi;o

Erysipelotrichales;f Erysipelotrichacea

e;g Catenibacterium

1.38281957

284E-009

2.51673162

257E-007

7.62645946

235E-009

0.00076317

43

8.47947922

09E-006

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Streptococcaceae;g Streptococc

us

1.59533857

577E-009

2.90351620

79E-007

8.53975355

265E-009

0.18463147

37

0.02557075

22

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Veillonellaceae;Other

1.72629054

446E-009

3.14184879

092E-007

0.00000000

9

0.00388974

78

0.00013352

22

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;Other

2.20449119

047E-009

4.01217396

665E-007

1.11449276

851E-008

0.00685697

07

0.00020684

67

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Oscillospi

ra

8.76547650

659E-009

1.59531672

42E-006

4.31166682

216E-008

0.00112737

88

0.00010322

44
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Root;p Firmicutes;c Bacilli;o Bacillales

;f Bacillaceae;g Geobacillus

3.04162766

547E-008

5.53576235

115E-006

1.45677956

609E-007

0.00019968

97

4.32225729

182E-006

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Propionibacteria

ceae;g Propionibacterium

5.05982768

963E-008

9.20888639

512E-006

2.36125292

183E-007

0.01151111

61

0.28903990

35

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Carnobacteriaceae;g Granulica

tella

6.75884756

396E-008

1.23011025

664E-005

3.07527564

16E-007

0.00837769

2

0.00118115

57

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXIII.Incer

taeSedis;g Eubacterium

8.91780211

216E-008

1.62303998

441E-005

3.95863410

832E-007

0.00010945

18

4.50131855

846E-006

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Lachnospiraceae;Other

1.22091236

121E-007

2.22206049

74E-005

5.29062023

19E-007

0.03477804

67

0.00314280

76

Root;p Actinobacteria;c Actinobacteri

a;o Bifidobacteriales;f Bifidobacteriace

ae;g Bifidobacterium

5.99390813

283E-007

0.00010908

91

0.00000253

7

0.00835172

51

0.00045263

52

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;f ;g

2.83588418

731E-006

0.00051613

09

1.17302482

293E-005

0.00301027

5

0.00019109

73

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXIII.Incer

taeSedis;g Mogibacterium

5.63071652

575E-006

0.00102479

04

2.27731201

708E-005

5.72915240

54E-005

3.65111346

711E-006

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Corynebacteriac

eae;g Corynebacterium

8.07088653

289E-006

0.00146890

13

3.19326380

214E-005

0.03542492

49

0.24973956

69

Root;p Firmicutes;c Bacilli;o Bacillales

;f Staphylococcaceae;g Jeotgalicoccus

1.18335521

945E-005

0.00215370

65

4.58235425

406E-005

0.00013517

4

0.00000621

3

Root;p Fusobacteria;c Fusobacteria;o

Fusobacteriales;f Fusobacteriaceae;g L

eptotrichia

1.45470545

009E-005

0.00264756

39

5.51575816

492E-005

0.00232248

46

0.00027515

97

Root;p TM7;c TM7-3;o EW055;f ;g 1.94094247

343E-005

0.00353251

53

7.20921490

133E-005

0.00050595

68

0

Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Promicromonos

poraceae;g Cellulosimicrobium

2.82717467

738E-005

0.00514545

79

0.00010290

92

0.00018424 0.00001285

8
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Root;p Actinobacteria;c Actinobacteri

a;o Actinomycetales;f Actinomycetace

ae;g Actinomyces

6.01504976

839E-005

0.01094739

06

0.00021465

47

0.00699500

25

0.00171307

26

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Ruminococcaceae;g Eubacteri

um

6.31109287

325E-005

0.01148618

9

0.00022088

83

0.00030943

65

2.24051246

002E-005

Root;p Bacteroidetes;c Bacteroidia;o

Bacteroidales;f Prevotellaceae;g

9.55246455

398E-005

0.01738548

55

0.00032802

8

8.33722386

373E-005

9.48577989

385E-006

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f Lachnospiraceae;g Moryella

0.00012683

47

0.02308390

75

0.00042747

98

0.00343966

39

0.00071409

45

Root;p Proteobacteria;c Gammaproteo

bacteria;o Enterobacteriales;f Enterob

acteriaceae;Other

0.00034151

55

0.06215582

6

0.00113010

59

0.07045201

11

0.01294986

84

Root;p Actinobacteria;c Actinobacteri

a;o Coriobacteriales;f Coriobacteriacea

e;g Collinsella

0.00099945

07

0.18190002

62

0.00324821

48

0.00039117

61

6.20054682

32E-005

Root;p Firmicutes;c Bacilli;o Lactobac

illales;f Lactobacillaceae;Other

0.00127136

45

0.23138834

14

0.00405944

46

0.00013454

44

0.00001281

1

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXI.Incerta

eSedis;g Anaerococcus

0.00369624

24

0.67271611

37

0.01159855

37

0.00055668

54

0.01197656

31

Root;p Firmicutes;c Clostridia;o Clost

ridiales;f ClostridialesFamilyXI.Incerta

eSedis;g Peptoniphilus

0.00431441

96

0.78522436

74

0.01330888

76

0.00055772

23

0.01243915

31

Root;p Proteobacteria;c Alphaproteob

acteria;Other;Other;Other

0.00705312

31

1.2836684 0.02139447

33

0.00043221

8

7.96693108

683E-005

Root;p Proteobacteria;c Alphaproteob

acteria;o Rhodospirillales;f Rhodospiril

laceae;Other

0.01265070

82

2.30242889

86

0.03774473

6

0.00013090

75

2.04844645

786E-005

Root;p Proteobacteria;c Gammaproteo

bacteria;o Xanthomonadales;f Xantho

monadaceae;g Xanthomonas

0.01278079

42

2.32610454

33

0.03751781

52

4.23478866

879E-005

6.17914097

449E-006
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Table B.4: The top five BLAST hits of the Streptococcus OTUs against
NCBIs rRNA Reference database.

OTU

#

Description Query

cover

E-value Identity

1 Streptococcus salivarius CCHSS3 strain CCHSS3 16S ribosomal

RNA, complete sequence

100.00% 2E-078 100.00%

Streptococcus salivarius strain ATCC 7073 16S ribosomal RNA,

complete sequence

00.00% 2E-078 100.00%

Streptococcus thermophilus MN-ZLW-002 strain MN-ZLW-002

16S ribosomal RNA, complete sequence

100.00% 8E-077 99.00%

Streptococcus thermophilus strain ATCC 19258 16S ribosomal

RNA, complete sequence

100.00% 8E-077 99.00%

Streptococcus vestibularis ATCC 49124 strain ATCC 49124 16S

ribosomal RNA, complete sequence

100.00% 3E-076 99.00%

2 Streptococcus oralis Uo5 strain Uo5 16S ribosomal RNA, complete

sequence

100.00% 2E-078 100.00%

Streptococcus mitis B6 strain B6 16S ribosomal RNA, complete

sequence

100.00% 2E-078 100.00%

Streptococcus pseudopneumoniae IS7493 strain IS7493 16S ribo-

somal RNA, complete sequence

100.00% 2E-078 100.00%

Streptococcus pneumoniae R6 strain R6 16S ribosomal RNA, com-

plete sequence

100.00% 2E-078 100.00%

Streptococcus australis strain AI-1 16S ribosomal RNA, partial

sequence

100.00% 2E-078 100.00%

54 Streptococcus sinensis strain HKU4 16S ribosomal RNA, partial

sequence

98.00% 7E-067 99.00%

Streptococcus pasteurianus ATCC 43144 strain ATCC 43144 16S

ribosomal RNA, complete sequence

98.00% 2E-063 98.00%

Streptococcus infantarius subsp. infantarius CJ18 strain CJ18 16S

ribosomal RNA, complete sequence

98.00% 2E-063 98.00%

Streptococcus sanguinis SK36 strain SK36 16S ribosomal RNA,

complete sequence

98.00% 2E-063 98.00%

Streptococcus gallolyticus UCN34 strain UCN34 16S ribosomal

RNA, complete sequence

98.00% 2E-063 98.00%
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55 Streptococcus oralis Uo5 strain Uo5 16S ribosomal RNA, complete

sequence

99.00% 0 99.00%

Streptococcus mitis B6 strain B6 16S ribosomal RNA, complete

sequence

99.00% 0 99.00%

Streptococcus pseudopneumoniae IS7493 strain IS7493 16S ribo-

somal RNA, complete sequence

99.00% 0 99.00%

Streptococcus infantis ATCC 700779 strain ATCC 700779 16S ri-

bosomal RNA, partial sequence

99.00% 0 99.00%

Streptococcus oralis ATCC 35037 strain ATCC 35037 16S riboso-

mal RNA, partial sequence

99.00% 0 99.00%

64 Streptococcus salivarius CCHSS3 strain CCHSS3 16S ribosomal

RNA, complete sequence

100.00% 0 99.00%

Streptococcus salivarius strain ATCC 7073 16S ribosomal RNA,

complete sequence

100.00% 0 99.00%

Streptococcus thermophilus strain ATCC 19258 16S ribosomal

RNA, complete sequence

100.00% 0 99.00%

Streptococcus vestibularis ATCC 49124 strain ATCC 49124 16S

ribosomal RNA, complete sequence

100.00% 0 99.00%

Streptococcus thermophilus MN-ZLW-002 strain MN-ZLW-002

16S ribosomal RNA, complete sequence

100.00% 0 99.00%

91 Streptococcus oralis Uo5 strain Uo5 16S ribosomal RNA, complete

sequence

100.00% 0 99.00%

Streptococcus mitis B6 strain B6 16S ribosomal RNA, complete

sequence

100.00% 0 99.00%

Streptococcus oralis ATCC 35037 strain ATCC 35037 16S riboso-

mal RNA, partial sequence

100.00% 0 99.00%

Streptococcus mitis strain NS51 16S ribosomal RNA, complete se-

quence

100.00% 0 99.00%

Streptococcus infantis ATCC 700779 strain ATCC 700779 16S ri-

bosomal RNA, partial sequence

100.00% 0 99.00%

159 Streptococcus sanguinis SK36 strain SK36 16S ribosomal RNA,

complete sequence

98.00% 3E-070 100.00%

Streptococcus sanguinis strain ATCC 10556 16S ribosomal RNA,

partial sequence

98.00% 3E-070 100.00%

Streptococcus sinensis strain HKU4 16S ribosomal RNA, partial

sequence

98.00% 7E-067 99.00%

237



Ph.D. Thesis - Fiona J. Whelan McMaster University - Biochemistry & Biomedical Sciences

Streptococcus peroris strain GTC848 16S ribosomal RNA, partial

sequence

98.00% 3E-065 98.00%

Streptococcus pasteurianus ATCC 43144 strain ATCC 43144 16S

ribosomal RNA, complete sequence

98.00% 2E-063 97.00%

318 Streptococcus oralis Uo5 strain Uo5 16S ribosomal RNA, complete

sequence

96.00% 3E-055 97.00%

Streptococcus mitis B6 strain B6 16S ribosomal RNA, complete

sequence

96.00% 3E-055 97.00%

Streptococcus pseudopneumoniae IS7493 strain IS7493 16S ribo-

somal RNA, complete sequence

96.00% 3E-055 97.00%

Streptococcus pneumoniae R6 strain R6 16S ribosomal RNA, com-

plete sequence

96.00% 3E-055 97.00%

Streptococcus australis strain AI-1 16S ribosomal RNA, partial

sequence

96.00% 3E-055 97.00%

Table B.5: Results of the S. pneumoniae specific PCR conducted on 123
nursing home residents. Results show that only 7 of the 123 were positive for S.
pneumoniae carriage, of which 4 tested positive with a secondary PCR reaction using
another Streptococcus-specific gene and follow-up sequencing.

Sample # McAvin SPN

Real-time PCR

Crossing

Point

Comments Vaccinated in

last 5 years

1 negative Yes

2 negative Yes

3 Positive 33.90 Positive by 2nd PCR and by sequenc-

ing

Yes

4 negative Yes

5 negative Yes

6 negative Yes

7 negative Yes

8 negative Yes

9 negative Yes

10 negative Yes

11 negative Yes

12 negative Unknown
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13 negative Yes

14 negative Yes

15 negative Yes

16 negative Yes

17 negative Yes

18 negative Yes

19 negative Yes

20 negative Yes

21 negative Unknown

22 negative Yes

23 negative Yes

24 Positive 38.99 Negative by SPN nested-PCR Yes

25 negative No

26 negative Yes

27 negative No

28 negative Unknown

29 negative Yes

30 negative Yes

31 negative No

32 negative No

33 negative Yes

34 negative Yes

35 Positive 37.56 Positive by 2nd PCR and by sequenc-

ing

Yes

36 negative Yes

37 negative No

38 negative No

39 negative No

40 negative Yes

41 negative No

42 negative Yes

43 negative No

44 negative No

45 negative No

46 negative No
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47 negative Yes

48 negative Yes

49 negative No

50 negative Yes

51 negative Yes

52 negative No

53 negative No

54 negative No

55 negative Yes

56 negative Yes

57 negative No

58 negative No

59 negative No

60 negative No

61 negative Yes

62 negative Unknown

63 Positive 34.57 Positive by 2nd PCR and by sequenc-

ing

No

64 Positive 37.54 Negative by SPN nested-PCR No

65 negative Unknown

66 negative Unknown

67 negative No

68 negative Yes

69 negative No

70 negative Yes

71 negative Yes

72 negative No

73 negative No

74 negative Yes

75 negative No

76 negative Yes

77 negative No

78 negative Yes

79 negative Yes

80 Positive 39.20 Negative by SPN nested-PCR No
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81 negative No

82 negative No

83 negative Unknown

84 negative Unknown

85 negative Yes

86 negative No

87 negative Yes

88 negative Yes

89 negative Yes

90 negative No

91 negative Yes

92 negative Yes

93 negative No

94 negative Unknown

95 Positive 29.23 Positive by 2nd PCR and by sequenc-

ing

Yes

96 negative No

97 negative No

98 negative Yes

99 negative Unknown

100 negative Unknown

101 negative Yes

102 negative Yes

103 negative Yes

104 negative Yes

105 negative Yes

106 negative Yes

107 negative Yes

108 negative Yes

109 negative Yes

110 negative Yes

111 negative Yes

112 negative No

113 negative Yes

114 negative Yes
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115 negative Yes

116 negative Yes

117 negative Yes

118 negative Yes

119 negative Yes

120 negative Yes

121 negative Unknown

122 negative Yes

123 negative No
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Appendix C

Appendix to Chapter 4

make_otu_table.py (from QIIME 1.9.1)

Ubuntu 14.04, x86_64 Linux
input: paired-end FASTQs

output: OTU table

cutadapt-1.8.1 -e 0 -n 1 -O 17 -a CCAGCAGCCGCGGTAAT

cutadapt-1.8.1 -e 0 -n 1 --discard-trimmed -a acactctttccctacacgacgctcttccgatct
-a agatcggaagagcgtcgtgtagggaaagagtgt
-a gtgactggagttcagacgtgtgctcttccgatct
-a agatcggaagagcacacgtctgaactccagtcac

pandaseq 2.9 -p ATTACCGCGGCTGCTGG -q CCTACGGGAGGCAGCAG -t 0.70 -N -T 1 -F

sickle -q 30 -l 100 -t sanger
split_libraries.py (from QIIME 1.9.1) -l 100 -L 250 -b 7 -M 25 -k -e 0 -H 20 -n 1

identify_chimeric_seqs.py (from QIIME 1.9.1) -m usearch61 --non_chimeras_retention union
AbundantOTU+ -d 0.03

assign_taxonomy.py (from QIIME 1.9.1) -m rdp -c 0.5 --rdp_max_memory 8000

align_seqs.py (from QIIME 1.9.1) -m pynast -a uclust -p 0.75

Figure C.1: Flowchart of the 16S rRNA gene sequencing data processing ap-
proach. Paired-end 16S rRNA gene sequencing data was processed using custom perl
scripts which tied together existing processing software. These software, including their
versions, options used, and order are presented here for the purposes of reproducibility.
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Figure C.2: Genus-level biplot of the Participant-dependent CF lung micro-
biome. A biplot of PC1 vs. PC2 of the PCoA plot displayed in Figure 2 reveals specific
genera which contribute to Participant-specific separation. The mean relative abundance
(0-1.0) across the dataset is displayed below genus labels.
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FEV1 data were collected 3x a week over the study period. Red vertical bars indicate
Treatment time points.
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Figure C.4: Alpha diversity measures of each participant over the study period.
Shannon diversity index was calculated for each microbiota sample collected over the study
period. Statistical analyses between sample types indicated a significant di↵erence between
Intermediate and Stable samples from Participant A and Treatment and Intermediate time
points in Participant B. All other comparisons were not statistically significant.

Table C.1: Study duration and sample information.

Participant Study Duration: Dates Length (in days) # of Collected
Samples

# of Sequenced
Samples

A* 25/07/2012-28/09/2012 66 21 11
B 04/07/2012-28/06/2013 360 143 26
C 13/07/2012-31/07/2013 384 152 13
D* 05/07/2012-25/02/2013 236 26 15
E 19/09/2012-21/10/2013 398 154 51
F* 17/09/2012-31/10/2012 45 12 5
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Table C.2: p-values of statistical comparisons of Bray-Curtis dissimilarity
scores between groups.

Participant Stable vs. In-
termediate

Stable vs.
Treatment

Intermediate
vs. Treatment

A 0.137 - -
B 0.662 0.17 0.045*
C - - -
D 0.451 0.333 0.218
E 0.765 0.022* 0.009*
E1 0.8 0.5 0.4
E2 0.76 0.832 0.601
E3 0.643 0.067 0.002*
E4 0.745 0.4 0.499
F - - 0.9

Table C.3: p-values of statistical comparisons of FEV1 changes between
groups.

Participant Stable vs. In-
termediate

Stable vs.
Treatment

Intermediate
vs. Treatment

A 0.036* - -
B 0.035* 0.67 0.102
C - - -
D 0.806 - -
E 0.089 0.009 0.067
E1 0.029* 0.232 0.304
E2 0.334 0.633 0.925
E3 - - 0.436
E4 - - 0.289
F - - 0.183
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Table C.4: Significantly correlating OTUs and select metadata for Partici-
pant C. LS = local similarity score; PCC = pearson correlation coe�cient.

X Y LS PCC Length p-value q-value
OTU1;g Pseudomonas OTU2;g Prevotella -0.887973 -0.950445 13 0.005497 0.043444
OTU1;g Pseudomonas OTU4;g Streptococcus -0.920999 -0.897723 13 0.003601 0.043444
OTU1;g Pseudomonas OTU8;g Veillonella -0.906857 -0.913167 13 0.004302 0.043444
OTU1;g Pseudomonas OTU9;g Prevotella -0.873737 -0.867662 13 0.006531 0.043444
OTU1;g Pseudomonas OTU11;g Streptococcus -0.935891 -0.907245 13 0.003007 0.043444
OTU1;g Pseudomonas Alpha -0.99053 -0.981703 13 0.001428 0.043444
OTU2;g Prevotella OTU8;g Veillonella 0.941744 0.941562 13 0.002695 0.043444
OTU2;g Prevotella OTU9;g Prevotella 0.95917 0.937007 13 0.002161 0.043444
OTU2;g Prevotella OTU11;g Streptococcus 0.873311 0.863102 13 0.006531 0.043444
OTU2;g Prevotella OTU12;g Prevotella 0.951426 0.927755 13 0.002414 0.043444
OTU2;g Prevotella Alpha 0.909055 0.928795 13 0.004152 0.043444
OTU4;g Streptococcus OTU11;g Streptococcus 0.945851 0.936433 13 0.002599 0.043444
OTU4;g Streptococcus Alpha 0.892802 0.840943 13 0.005128 0.043444
OTU5;g Fusobacterium OTU6;g Prevotella 0.973557 0.978646 13 0.001792 0.043444
OTU5;g Fusobacterium OTU28;g Prevotella 0.967562 0.995455 13 0.001932 0.043444
OTU5;g Fusobacterium Alpha 0.857732 0.578402 13 0.008006 0.047114
OTU6;g Prevotella OTU28;g Prevotella 0.961842 0.984822 13 0.002082 0.043444
OTU8;g Veillonella OTU9;g Prevotella 0.903566 0.932725 13 0.004456 0.043444
OTU8;g Veillonella OTU11;g Streptococcus 0.872449 0.883309 13 0.006531 0.043444
OTU8;g Veillonella OTU12;g Prevotella 0.886775 0.951942 13 0.005497 0.043444
OTU8;g Veillonella Alpha 0.929193 0.914985 13 0.003232 0.043444
OTU9;g Prevotella OTU11;g Streptococcus 0.901649 0.896837 13 0.004616 0.043444
OTU9;g Prevotella OTU12;g Prevotella 0.880315 0.933035 13 0.006098 0.043444
OTU9;g Prevotella Alpha 0.875753 0.841578 13 0.006311 0.043444
OTU11;g Streptococcus Alpha 0.918932 0.845682 13 0.003732 0.043444
OTU12;g Prevotella Alpha 0.872279 0.80161 13 0.006531 0.043444

Table C.5: Significantly correlating OTUs and select metadata for Partici-
pant E. LS = local similarity score; PCC = pearson correlation coe�cient.

X Y LS PCC Length p-value q-value
OTU1;g Pseudomonas OTU13;g Prevotella -0.533465 -0.497165 50 0.000653 0.01071
OTU4;g Streptococcus OTU7;g Streptococcus 0.48208 0.408235 50 0.002599 0.027483
OTU4;g Streptococcus OTU67;g Rothia 0.691045 0.666126 50 0.000004 0.00035
OTU4;g Streptococcus OTU103;g Streptococcus 0.799579 0.795728 50 0 0.000017
OTU5;g Fusobacterium OTU24;g Prevotella 0.534316 0.621561 50 0.000627 0.01071
OTU7;g Streptococcus Alpha 0.575569 0.477824 50 0.000188 0.004889
OTU8;g Veillonella Alpha 0.521608 0.499919 50 0.000897 0.012957
OTU9;g Prevotella Alpha 0.446739 0.353607 50 0.006311 0.047559
OTU13;g Prevotella OTU25;g Bulleidia 0.559686 0.560181 50 0.0003 0.006502
OTU19;g Prevotella OTU74;f Streptococcaceae -0.459854 -0.245866 50 0.004616 0.041437
OTU23;g Prevotella OTU33;g Prevotella 0.561707 0.583158 50 0.000287 0.006502
OTU25;g Bulleidia OTU55;g Peptostreptococcus0.480291 0.228019 50 0.002695 0.027483
OTU27;g Prevotella Alpha 0.672771 0.532487 50 0.000008 0.00047
OTU74;f Streptococcaceae OTU101;g Azorhizophilus 0.887692 0.900804 50 0 0.000001
OTU74;f Streptococcaceae OTU103;g Streptococcus 0.485105 0.331119 50 0.002414 0.026155
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Figure D.1: At more stringent abundance thresholds, the vast majority of the CF
lung microbiota is still captured by culture-enriched methods. A. Of the OTUs
identified via sequencing of the sputum, 65.1% representing 98.5% relative abundance in
the sputum samples are cultured. B. Using a cuto↵ of �0.1% relative abundance, 74.7% of
the lung microbiota was cultured across samples. Further, only 25.3% of OTUs across the
dataset were unculturable at this abundance cuto↵.
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Figure D.2: Clustering of plates used for culture-enrichment with the corre-
sponding sputum samples is not due to non-viable DNA. A. All plates which
have similar communities to the original sputum sample as measured by the Bray-Curtis �-
diversity metric have visible microbial growth as indicated by images captured immediately
following culture-enrichment. B. Instead, these samples have similar taxonomic profiles due
to the growth of Pseudomonas species as visualized via taxonomic summaries.
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Figure D.3: The variety in selective and non-selective media types, and aerobic
and anaerobic environments is important in capturing the OTU-level diversity of
the CF microbiota. A heatmap indicates the breadth of media and conditions necessary
to culture such a vast community at the OTU level. Heatmap indicates the maximum
relative abundance, between 0-1, of each OTU on each environment/media pairing.

pre:
sputumAbund = abundance cutoff in the originating sample
abund = abundance cutoff (corresponding to that in Figure 7)
plateList = ()
allOTUs = all cultured OTUs

abundOTUs = a subset of allOTUs where abundance > sputumAbund
for each OTU a in abundOTUs
count the # of plates with OTU a at abundance > abund
if count == 1
plate p = plate w/ OTU a on it
plateList += plate p
allOTUs -= any OTU on plate p

while abundOTUs is not empty
find plate q with the greatest # of OTUs remaining in all OTUs
plateList += q
abundOTUs -= any OTU on plate q

post:
plateList = list of plates for metagen seqing
abundOTUs = ()

Figure D.4: Pseudocode from a modified version of the plate coverage algorithm,
the adjusted PLCA, which takes into account the abundance of the culture-
independent sample as well as the OTUs recovered by culture-enrichment.
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Figure D.5: The minimal plate sets needed to sequence all sputum samples
within this dataset, and the number of OTUs which would be obtained.
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Table D.1: Full-length 16S rRNA gene sequencing results for colonies iso-
lated from Stenotrophomonas re-growth. Of the 10 isolates picked from the
Stenotrophomonas isolation procedure, 8 were identified as Stenotrophomonas mal-
tophilia strains by comparison to the Human Oral Microbiome Database (HOMD)
and to the 16S ribosomal RNA sequences (Bacteria and Archaea) NCBI BLAST
Database.

ID Sequence Name Query
length
(nt)

HOMD Top Hit %
Iden-
tity

BLAST Top Hit Max
Score

Query
cover

E
Value

Identity

SS1 Seq Plate 56 H0
1 8f 25JUL14AB
F seq Un

855 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.7 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1487 97% 0 99%

SS2 Seq Plate 56 H0
2 8f 25JUL14AB
F seq Un

867 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.5 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1483 97% 0 99%

SS3 Seq Plate 56 H0
3 8f 25JUL14AB
F seq Un

919 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.5 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1485 89% 0 99%

SS4 Seq Plate 56 H0
4 8f 25JUL14AB
F seq Un

924 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.7 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1496 90% 0 99%

SS5 Seq Plate 56 H0
5 8f 25JUL14AB
F seq Un

926 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.6 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1478 89% 0 99%

SS6 Seq Plate 56 H0
6 8f 25JUL14AB
F seq Un

919 Pseudomonas
aeruginosa — H O
T 536—Strain L
MG1242—Z7665
1—Named

99.2 NR 074828.1—
Pseudomonas
aeruginosa PAO1
strain PAO1 16S
rRNA

1506 90% 0 99%

SS7 Seq Plate 56 H0
7 8f 25JUL14AB
F seq Un

910 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.3 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1500 93% 0 98%

SS8 Seq Plate 56 H0
8 8f 25JUL14AB
F seq Un

928 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.5 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1513 91% 0 99%

SS9 Seq Plate 56 H0
9 8f 25JUL14AB
F seq Un

868 Pseudomonas
aeruginosa — H O
T 536—Strain L
MG1242—Z7665
1—Named

98.8 NR 074828.1—
Pseudomonas
aeruginosa PAO1
strain PAO1 16S
rRNA

1347 85% 0 99%

SS10 Seq Plate 56 H1
0 8f 25JUL14AB
F seq Un

914 S. maltophilia—
HOT 663—Strain
LMG958—X959
23—Named

98.1 NR 041577.1—S.
maltophilia strain
IAM 12423 16S r
RNA gene

1504 93% 0 98%

Table D.2: Culture-enrichment greatly mitigates host contamination.

Sample Number of raw reads Number of processed
reads

Read Loss (%)

Sputum 29,229,781 2,207,904 92.45
PLCA, AIA-Ana 5,708,137 238,081 95.8
PLCA, Beef-Aer 23,669,048 21,717,755 8.24
PLCA, KVLB-Ana 18,866,927 16,636,966 11.82
PLCA, MAC-Ana 21,628,034 18,290,293 15.43
PLCA, McKay-Ana 415,513 332,612 19.96
adjPLCA, CHOC-Ana 21,878,343 21,192,362 3.14
adjPLCA, McKay-Aer 12,561,265 7,943,779 36.8
adjPLCA, TSY-Aer 12,783,676 11,509,050 10.0
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Figure D.6: Binning of culture-enriched metagenomic contigs reveals the di-
versity of this approach when compared to sputum metagenomics. A. Using
CONCOCT, culture-enriched metagenomic reads from 3 plates amplified according to the
adjusted PLCA were grouped into 28 bins. These bins are displayed here as a PCoA in which
each dot represents a contig coloured according to its bin. A greater diversity of organisms
were obtained via culture-enriched approaches (B); culture-enrichment contributes to the
biological binning of such organisms. Further, a greater number of bacterial reads were ob-
tained from culture-enriched sequencing (C) when compared to direct sputum sequencing.
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