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Abstract
Prolonged respiratory infection by the opportunistic pathogen, Pseudomonas
aeruginosa, is the major contributor to declining lung function and early mortality in
individuals with cystic fibrosis (CF). Patients are believed to acquire their infections from
the environment, upon which a single clone will often undergo long-term colonization in
response to selection within the lung. It is unknown however, whether all genotypes are
capable of causing infection, and whether all environmental strains are initially
maladapted to life in the lung. To investigate these unknowns, we experimentally evolved
18 different environmental and CF-clinical genotypes within synthetic CF lung sputum
(SCFM), to identify any genotypic and/or prior niche constraints on trait evolution and
pathoadaptation. We found that genotype significantly constrained evolution within
SCFM, which was evidenced through phylogenetic signal in the change of both traits and
fitness. The traits showing the highest phylogenetic signal in this experiment included
H2O2 resistance, biofilm formation and twitching. We also found that environmental
strains evolve differently in SCFM compared to their CF-clinical counterparts.
Environmental strains significantly decreased in H2O2 resistance, pigment production,
and swimming whereas clinical strains slightly increased or remained unchanged.
Furthermore, while the environmental strains often underwent greater fitness leaps than
the clinical strains, this was not true for all strains. We hypothesize then that particular
niches may better prime strains for causing infection over others. Altogether our results
suggest there is widespread variation in the adaptation of P. aeruginosa, which is in part
constrained by both genetic background, and niche of origin.
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Chapter 1: Introduction
1.0 Cystic Fibrosis
Cystic fibrosis (CF) is the most common lethal recessive genetic disorder amongst
Caucasians, affecting an estimated 4200 Canadians (O’Sullivan and Freedman 2009;
Cystic Fibrosis Canada 2017). The underlying mechanism behind the disease is a defect
in the transportation of chloride ions across cell membranes due to heritable mutations in
the CF transmembrane conductance regulator (CFTR) gene (Cheng et al. 1990). While
the symptoms of this defect are multifaceted and develop in many organ systems, the
most serious are chronic infections of the lungs whereby concomitant respiratory
complications account for ~80% of all deaths (Lyczak et al. 2002; Cystic Fibrosis
Foundation 2015). The fundamental cause for frequent and chronic bacterial infection of
CF lungs is still not fully understood, but it is believed that dehydration of airway
surfaces due to the defective Cl- secretion results in thickened mucus and distorted
epithelial cilia (Clunes and Boucher 2007). In turn, mucociliary clearance is hampered
and invading bacteria are allowed to colonize and flourish within the lungs (Clunes and
Boucher 2007).
Microorganisms that are frequently and repeatedly identified as causes of CF lung
infection include Staphylococcus aureus, Pseudomonas aeruginosa, Burkholderia
cepacia, Haemophilus influenzae, Stenotrophomonas maltophilia, Aspergillus fumigatus
and atypical mycobacteria (O’Sullivan and Freedman 2009). Interestingly, the balance
between microbial populations fluctuates with age, and those that are less persistent in
children can become predominant in adults (Figure 1) (Cystic Fibrosis Foundation 2015;
Cystic Fibrosis Canada 2017). This trend is most prominently observed in the prevalence
1

Figure 1. Age associated lung infection by different microorganisms in Canadian cystic
fibrosis patients in 2016. Figure obtained from The Canadian Cystic Fibrosis Registry
2016 Annual Data Report, with permission from Cystic Fibrosis Canada (Cystic Fibrosis
Canada 2017).
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of P. aeruginosa, a bacterium that has exclusively been regarded as the chief contributor
to declining lung function and early mortality in individuals with CF (Lyczak et al. 2002).

2.0 Pseudomonas aeruginosa in CF Lung Infections
Respiratory infection by P. aeruginosa, a Gram-negative opportunistic pathogen,
has long been a significant predictor of health in individuals with CF. Children and
adolescents that harbour strains are at a substantially higher risk of reduced lung function
and mortality (Emerson et al. 2002; Konstan et al. 2007). In adults, infection by a single
clone often develops into a chronic strain, and is associated with a rapid decline in lung
function, and the onset of pulmonary exacerbations followed by their hospitalizations and
associated healthcare costs (Emerson et al. 2002; Aaron et al. 2004; Flume et al. 2009;
Cohen-Cymberknoh et al. 2011).
Despite extensive therapeutic intervention, P. aeruginosa persists in infections as
a result of high levels of resistance to host defenses and front line antibiotics (Lyczak et
al. 2002). Intrinsic antibiotic resistance in P. aeruginosa is attributed to its exceptionally
low membrane permeability, high levels of efflux pumps, and chromosomally encoded βlactamase (Hancock and Speert 2000). Resistance has also been shown to readily evolve,
as a result of mutations in canonical resistance genes (Smith et al. 2006; Wong and
Kassen 2011; Yang et al. 2011; Wong et al. 2012; Marvig et al. 2015). Furthermore, the
ability of P. aeruginosa to form biofilms allows it to evade both immune cells and
extracellular stressors (Bjarnsholt et al. 2009). Early prevention and therapeutic measures
are thereby imperative in deterring the bacterial transition to chronic pathogenicity, which
has concurrently been proven to maintain patient lung function and increase life
expectancy (Valerius et al. 1991; Saiman et al. 2014).
3

Long-term prevention of P. aeruginosa infection is challenging, and between 5080% of CF adults harbor chronic strains (Cystic Fibrosis Foundation 2015; Cystic
Fibrosis Canada 2017). The bacterium is ubiquitous in nature which means that patients
are frequently in contact with it, despite efforts at extensive infection prevention
measures, which are in place both in home and hospital settings (Saiman et al. 2014).
Strains have been isolated from soils, plants, standing water, hospital and household
surfaces, and most consistently from the drains and faucets of bathrooms (Regnath et al.
2004; Remold et al. 2011; Purdy-Gibson et al. 2015). This expansive habitat versatility of
P. aeruginosa has been attributed to its complex and large genome size, which encodes
numerous regulatory systems, membrane transport schemes, and virulence factors (Stover
et al. 2000).While clones such as the Liverpool Epidemic Strain (LES) have been
identified in spreading severe infection between patients (Salunkhe et al. 2005), CF
clinical isolates are typically interspersed within a phylogeny, suggesting a non-clonal
epidemic nature for the majority of infections (Dettman et al. 2013). Furthermore, the
presence of unique genotypes in different patients suggests that infections originate from
the environment (Burns et al. 2001). Elucidation of the evolutionary processes that drive
adaptation of P. aeruginosa to the CF lung is thus necessary to inform better treatment
and preventative measures.

3.0 Adaptation to a CF Lung
During the course of infection, a single clone will undergo distinctive genetic
mutations and marked phenotypic alterations that enable its long-term colonization of the
lung (Struelens et al. 1993). Loss of motility, multiple virulence factors, and quorum
sensing are typically seen in chronically infecting strains, as is the gain or enhancement
4

of biofilm formation, mucoid colonies, hypermutators, auxotrophy, and antibiotic and
oxidative stress resistance (Hogardt and Heesemann 2010; Winstanley et al. 2016). As
the changes in these specific traits correlate with chronic pathogenesis in a CF lung, they
are accordingly termed CF pathoadaptive phenotypes.
Both longitudinal genomic studies and laboratory evolution experiments have
frequently and repeatedly observed particular mutations and their associated
pathoadaptive phenotypic change, where it is believed that selection within the CF lung is
driving the adaptation of P. aeruginosa to a chronic, “clinical” phenotype of high fitness
(Smith et al. 2006; Yang et al. 2011; Wong et al. 2012; Marvig et al. 2015). Profound
phenotypic and genotypic diversity of a single infecting clone has also been identified.
This is hypothesized to be in response to the spatial heterogeneity within a lung, which
leads to the coexistence of niche-specialists (Clark et al. 2015; Winstanley et al. 2016).
The transition from environment to lung is thereby a complex adaptive process that
requires high bacterial evolvability in order for P. aeruginosa to persist and progress into
a chronic strain.
It is unclear whether all strains of P. aeruginosa possess the same potential for
adaptation to the CF lung. Although studies have shown that between 63 - 98% of
children with CF become transiently infected with P. aeruginosa (Burns et al. 2001;
Zemanick et al. 2015), and up to 80% of CF adults harbor chronic strains (Cystic Fibrosis
Foundation 2015), there is profound variation in infection characteristics. For instance,
the time of initial P. aeruginosa acquisition across individuals can differ by years (West
et al. 2002; Baussano et al. 2006), there is a striking gradient of severity across infections,
and some patient sputum cultures never test positive for P. aeruginosa (Cystic Fibrosis
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Foundation 2015). Furthermore, Schelstraete et al. (2008) found that only 9 out of 50
(18%) newly infected individuals bore a genotype that matched one from their household,
and Heirali et al. (2016) similarly concluded that the home environment was a rare
reservoir for infection, despite the prolific isolation of P. aeruginosa strains from the test
subject’s homes. The variations in infection characteristics may be a result of
evolutionary constraints on the bacterial ability to adapt to a CF lung, which are
conceivably a result of the genetic diversity in P. aeruginosa, and the vast heterogeneity
across CF patients; which may enable some individuals to better clear infections than
others.

4.0 Heterogeneity in Selection
The lung environment is especially harsh and provides a unique challenge for
invading bacteria. The CF lung is characterized by a dehydrated airway layer and its
associated mucus buildup, chronic inflammation, low pH, a unique nutritional
composition, prescribed antibiotics, oxidative stress, competing microbes, and low
oxygen levels (Folkesson et al. 2012; Bhagirath et al. 2016). Moreover, this is a diverse
and dynamic environment that fluctuates dramatically over time and space within the
lung (Folkesson et al. 2012; Willner et al. 2012). While the specific selection pressures
acting directly on certain genes and phenotypes are not wholly known, the CF lung thus
presents a complex and challenging environment in which P. aeruginosa adapts.
Over 1500 mutations in the CFTR gene have been identified as causing CF, and
different sequence variations can result in modified amounts and functionality of the
transcribed CFTR protein (Bobadilla et al. 2002). This is important, because different
CFTR alleles can result in altered phenotypes across patients, especially in terms of lung
6

function, mucociliary clearance, immune response, and nutritional status (McKone et al.
2003; Rowntree and Harris 2013). Patients are also given varying types, doses and
administrative routs of antibiotics across all age groups depending on their clinical status
(Chmiel et al. 2014). In conjunction, the competing microbial constituents of the CF lung
is different from patient to patient (Cystic Fibrosis Canada 2017). The selection pressures
imposed on invading bacteria can therefore be quite variable between lung environments
given the patient differences.
Furthermore, a specific CFTR allele can have direct clinical implications, and
distinct CFTR mutations have been directly linked to consequential effects in pancreatic
insufficiency (Kristidis et al. 1992). The influence of the CFTR allele on the phenotype of
lung disease is less explicit, where specific mutational class rather than the mutational
locus has been better attributed (de Gracia et al. 2005). Polymorphisms in modifier genes
and pathways outside of the CFTR have also been associated with worsened lung disease,
although it is unknown whether this is specifically a result of P. aeruginosa infection
(Drumm et al. 2005; O’Neal et al. 2015). However, specific to P. aeruginosa infection,
one study did find a significant association between four particular ∆F508 heterozygotes
and lower rates of P. aeruginosa infection, than ∆F508 homozygotes (McKone et al.
2003). The existence of variable lung environments across patients from either a
phenotypic or direct genotypic foundation can thereby contribute to the variations in
infection statistics, in addition to the possible influence of genetic diversity in P.
aeruginosa.

7

5.0 Epistasis Influences the Availability and Fitness Effects of Beneficial
Mutations
Genetic background can profoundly shape the evolutionary trajectory of
microorganisms (Tenaillon et al. 2012; Wong 2017), and is a potential influence on the
adaptive evolution of genetically diverse P. aeruginosa strains to the lungs of different
CF patients. Epistasis is an important mechanism whereby genetic background influences
patterns of evolution. Notably, epistasis has been found to have significant consequences
for the mutational fitness effects and adaptive evolution of P. aeruginosa in various
environments (Hall et al. 2010; Gifford et al. 2016; Vogwill et al. 2016).
Epistasis is the genomic phenomenon in which the combined fitness effect of
mutations at different loci is different than what would be expected from the fitness effect
of each mutation alone (Phillips 2008). Epistasis between two mutations can result in a
genotype of higher, or lower fitness than expected; scenarios which are respectively
termed positive and negative epistasis (Figure 2) (Phillips 2008). By contrast, sign
epistasis occurs when the combined outcome of two beneficial mutations is a deleterious
fitness effect, or vice versa (Figure 2) (Phillips 2008). Positive and negative epistasis
have important consequences for the evolution of genetically diverse species, as a given
mutation may result in varying magnitudes of fitness effects depending on the genetic
background it arises in (Hietpas et al. 2011). As an example, two genetically distinct P.
aeruginosa populations accumulated the same mutations when evolved in an identical
environment, but each plateaued onto a separate fitness optimum (Gifford et al. 2016).
This suggests the existence of profound epistatic interactions between mutation and
genetic background. This is also true for the fitness effects of antibiotic resistance

8

Figure
2. The possible epistatic interactions between hypothetical mutation A and hypothetical
mutation B on the same genetic background.

9

mutations in P. aeruginosa, which have been found to vary significantly across genetic
backgrounds (Maclean and Buckling 2009; Vogwill et al. 2016).
Sign epistasis is also important in shaping evolutionary pathways, and may mean
that a mutation is only beneficial on some backgrounds while detrimental on others
(Weinreich et al. 2005; Wong 2017). The evolutionary trajectory between two genotypes
will therefore be markedly different if a mutation is only beneficial and fixed in one
background. For example, Tenaillon et al. (2012) found that populations of Escherichia
coli evolved in high temperatures followed two distinctive and unique adaptive pathways
from each other depending on an initial mutation arising in either a RNA polymerase or a
termination factor. In this instance, the beneficial mutations fixed on the RNA
polymerase background likely have epistatic interactions of a sign effect with the
termination factor background, and vice versa.

6.0 Influence of Epistasis on Adaptive Evolution within a Fitness Landscape
Evolution is often pictured as movement on a fitness landscape of adaptive peaks
and maladaptive valleys within a genotypic or phenotypic space (Orr 2005). Populations
closer to a given peak are more fit than those that are further away, and different peaks
represent different ways of achieving high fitness (Orr 2005). As mutations arise, those
that are beneficial may become fixed as they move the organism closer towards a fitness
optimum. Also known as an adaptive walk, the order and identity of fixed mutations will
depend on their epistatic interactions both with the genetic background they arise in, and
with one another (Hietpas et al. 2011; Bank et al. 2015). The identity and number of
adaptive walks available to a given genotype is ultimately limited by epistasis, which

10

allows only for the accumulation of particular combinations of genes and alleles to arrive
at an adaptive peak (Wong 2017).
The interaction between genotype and environment will influence the topology of
a fitness landscape, which may be of a rugged form with multiple peaks and valleys, or a
smooth landscape of a single, global adaptive peak (Kauffman and Weinberger 1989). In
a smooth landscape, maladaptive genotypes will sit further from the global optimum and
require either a longer or more rapid adaptive walk to reach the fitness peak than
genotypes that are well suited for the new environment. Here, diminishing returns
epistasis is frequently observed, whereby mutations become less beneficial the closer the
genotype is to an adaptive peak (Chou et al. 2011). This results in an inverse correlation
between the rate of the adaptive walk and the number of accumulated beneficial
mutations. The rate of adaptation will then differ between genotypes depending on their
relative position to the adaptive peak (Chou et al. 2011). Alternatively in a rugged
landscape, each genotype may be situated closest to its own local optimum where the
combination of genes at each adaptive peak corresponds to variations in fitness optima
(Levinthal 1997). In this case, the evolved fitness will be contingent on the ancestral
genotype.
We postulate that the fitness landscape underlying the adaptation of P. aeruginosa
specifically to a CF lung is smooth. This is suggested by the convergent evolution of CF
pathoadaptive phenotypes across individual infecting clones, and the similarities between
chronic strains. It seems reasonable then, that strains are climbing a single adaptive peak,
where the combination of genes/phenotypes that corresponds with high fitness at the peak
is the combination of pathoadaptive traits associated with chronic infection. Moreover,
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the landscape underlying the adaptation to each CF lung may differ slightly given the
patient differences. The reported within-patient diversity in infecting clones may also
represent sub-populations climbing this peak with different levels of success, or may
alternatively suggest that sub-populations are climbing different peaks in a rugged
landscape.

7.0 Historical Contingency in Evolution
The terms “historical contingency”, “phylogenetic inertia”, and “ancestral
constraint” are often used interchangeably to describe the phenomenon by which precise
evolutionary outcomes are only possible in particular starting genetic backgrounds
(Blomberg and Garland 2002). In other words, evolution may be contingent on, or
constrained by, a population’s history. It is theorized that history and adaptation are
inversely correlated, whereby strong selection removes any effect of history and
populations may reach the same adaptive peak in a fitness landscape regardless of
variations in genetic background (Travisano et al. 1995). If selection is contrarily weak,
then the evolutionary outcome of populations will be constrained by their history and
where in a fitness landscape they start. Stochastic effects such as mutation and drift will
in turn result in variation around the population mean (Travisano et al. 1995).
Historical contingency in the evolution of organisms has previously been
investigated through microbial experimental evolution studies, by direct assessment of
evolved populations compared to its ancestors. Often, it appears that ancestry has no
effect on the final evolved fitness of different, but related genotypes, where each strain
converges onto the same fitness optimum (Travisano et al. 1995; Rokyta et al. 2009;
Gifford et al. 2011; Wong and Seguin 2015). In conjunction with observed adaptive
12

convergence, there is evidence that the rates of substitution and the tempo of adaptation
vary significantly by genotype in experimentally evolved E. coli populations, which is
strongly dependent on the ancestral fitness (Moore and Woods 2006; Wong and Seguin
2015). Maladapted genotypes thereby appear to have higher rates of adaptation, as a
result of being situated further from an adaptive peak. Furthermore, Gifford et al. (2011)
identified adaptive convergence as a result of large-effect mutations in the less adapted
populations, and Bollback & Huelsenbeck (2009) found significant differences in the
relative fitness gains of independently evolved populations. Altogether, variable rates and
fitness effects of adaptive mutations, which appear to be largely influenced by ancestry,
allow genetically distinct populations to reach the same fitness optimum in these
experimental studies.
However, historical contingency rather than complete adaptive convergence has
been implicated in other studies, and may therefore be context dependent. The constraint
of ancestral genotype on endpoint fitness and trait evolution has been highlighted in
genetically distinct populations of bacteriophage, bacteria and yeast (Bull et al. 2004;
Hall et al. 2010; Spor et al. 2014). Melnyk & Kassen (2011) also showed that historical
contingency may in fact be environment specific, where different genotypes of
Pseudomonas fluorescens evolved in glucose appeared to converge on the same fitness
optimum, while there is evidence of divergence when evolved in xylose. Strikingly, two
P. aeruginosa populations of differing genetic backgrounds evolved in M9-serine media
reached two different adaptive peaks, despite an identical starting fitness (Gifford et al.
2016). The genotype by environment interactions in these studies suggests that the
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underlying adaptive landscape is rugged, and that evolved fitness is constrained by
ancestry.
The described microbial evolution experiments accurately and directly ask the
question “does evolved fitness depend on ancestral fitness?” These studies are limited
however, in their regular use of 4 to 8 independently evolving isolates that often differ
only by point mutations. They thereby discount the influence of shared phylogenetic
history in evolution.

8.0 Phylogenetic Signal as a Tool to Test for Effects of Genetic Background
In addition to direct fitness observations of ancestral and evolved populations, the
effect of genotype on trait and fitness evolution can be measured by phylogenetic signal
when relationships between the ancestral populations are known. Used largely in
measuring patterns of trait distribution within the animal and plant kingdoms,
phylogenetic signal is the tendency for related species to resemble each other (Blomberg
et al. 2003)
In the absence of selection, traits are expected to evolve as a function of time
along the branches of a given tree. Under standard phylogenetic models, traits are
modeled under the assumption of Brownian motion (BM), with a small change in
direction per unit time (Blomberg et al. 2003). For closely related species, a given trait
will have had little time to diverge under a BM model (Figure 3B). By contrast, for
species that are distantly related and share less phylogenetic history, a trait will have had
much more time to diverge (Figure 3A). Variance in trait value will therefore be much
greater for more divergent species. Traits whose variance between species is predicted by
relatedness show a strong phylogenetic signal. Low phylogenetic signal, conversely,
14

Figure 3. Phylogenetic signal in the distribution of traits. A) When trait distribution does
not follow a BM model of evolution and is thereby not predicted by phylogeny,
phylogenetic signal is negligible. Pagel’s λ and Blomberg’s K will closely equal 0, and
Abouheif’s Cmean, and Moran’s I will lie somewhere between -1 and 0. B) When
phylogeny explains the variance in traits, phylogenetic signal is strong. Pagel’s λ,
Blomberg’s K, Abouheif’s Cmean, and Moran’s I will closely equal 1.
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means that variance in trait values distribution is not predicted by phylogeny (Blomberg
et al. 2003). In this way, phylogenetic signal is a direct test of genetic background in the
dispersal of traits.
To date, Pagel’s λ, Blomberg’s K, Abouheif’s Cmean, and Moran’s I are the four
most consistently used and scrutinized methods to test for phylogenetic signal
(Münkemüller et al. 2012). Pagel’s λ is a scaling measure for the observed correlations
between species relative to the correlations between species expected under BM (Pagel
1999). Blomberg’s K is the ratio of the mean squared error of the tip data, over the mean
squared error of the data drawn from the covariance matrix of the given phylogeny. This
is then standardized against the expected ratio under BM (Blomberg et al. 2003).
Abouheif’s Cmean, and Moran’s I are related autocorrelation models adapted for
phylogenetic inferences, used to measure the serial independence of species given the
tree topology (Moran 1950; Abouheif 1999). Specified values given by each test are
described in Figure 3.
Although rare, studies in bacteria have shown weak to strong phylogenetic signal
in the distribution of numerous traits including prototrophy, optimal temperature and pH
growth, biofilm, and motility (Martiny et al. 2013; Krause et al. 2014; Rodriguez-Torres
et al. 2017). The strength of phylogenetic signal in microbial adaptive evolution however,
has not previously been investigated. We propose that testing for phylogenetic signal in
the propensity of strains to evolve and adapt is a worthwhile tool, and may reveal
variations in the adaptation of genetically diverse populations.
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9.0 Niche-Specific “Pre-Adaptations”
While phylogenetic signal is an indication of the overall impact of genetic
background on evolutionary outcomes, more specific predictions can be made regarding
the effects of ecological niche on trait evolution. All organisms occupy some ecological
space and will evolve in response to their environments. Depending on the specific
selection pressures within each niche, a population may acquire different adaptations in
response to those variable pressures. For example, genomic analysis of Pseudomonas
putida from different environments revealed strong associations between strains from
particular niches with genes involved in the functions required for those specific
environments (Wu et al. 2011). These included functions such as heavy metal resistance,
degradation of organic solvents, and high oxidative stress resistance (Wu et al. 2011).
Niche-specific adaptations of environmental and CF clinical P. aeruginosa strains
have previously been investigated by direct assessment of the genes and phenotypes that
are exclusive to each. Interestingly, marked differences between niches are often not
observed and regardless of their environmental or CF lung origin P. aeruginosa strains
display evidence of antibiotic resistance, ability to invade epithelial cells, metabolism of
oil hydrocarbons, type III secretion system, and virulence genes (Alonso et al. 1999;
Feltman et al. 2001; Martins et al. 2014). Furthermore, there is profound diversity across
the studied strains in their capacities for these functions. This suggests that P. aeruginosa
strains are not drastically limited by niche-specific adaptations, and may carry the
genomic and phenotypic potential to readily transfer between niches. Some studies have
even found that environmental isolates were more resistant to antibiotics than CF clinical
isolates, and carried higher levels of exotoxins (Gad et al. 2007; Streeter et al. 2016). A
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study by Head and Yu (2004) however did find particular niche differences, where CF
isolates had higher biofilm formation, and much higher planktonic susceptibility to H2O2,
than the environmental strains. While these studies directly assessed the phenotypes and
genes specific to niches, the role of prior niche in the adaptive evolution of P. aeruginosa
has not previously been investigated.
The influence of prior niche in the adaptation of organisms to a novel
environment can also be pictured as movement on a fitness landscape. In the same way
that we expect closely related organisms to cluster together in the genotypic space of a
fitness landscape, we would expect organisms from the same niche to cluster together on
the same level of fitness within a landscape. For example, bacterial strains from an
animal infection are predicted to have a higher starting fitness in a human infection model
than those strains isolated from soil, since they would have evolved prior niche-specific
adaptations that would transfer over to the new environment - for example evolved
responses to immune cells, or warm temperatures. We therefore expect populations from
the same niche to be situated closer to an adaptive peak in novel environments that are
similar to the environment the populations have originated from. The prior adaptations of
CF-clinical strains may therefore facilitate the transfer of infecting strains between CF
patients.

10.0 Experimental Objectives
While convergent evolution has been investigated extensively in the adaptation of
P. aeruginosa to a CF lung, the use of a single P. aeruginosa strain, or the sole sampling
of successfully adapting isolates within a CF lung, prevents broad application of previous
studies across genetically diverse environmental strains. Given this limitation, our first
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goal was to determine if ancestry constrains pathoadaptation to a CF lung in P.
aeruginosa, by inferring the contribution of phylogeny to phenotypic and fitness changes
during adaptation of 18 genetically diverse strains of P. aeruginosa to a modified
synthetic CF sputum (SCFM). We predicted that adaptation to SCFM is contingent on
genotype and where an environmental strain is located in the fitness landscape, which
will be evidenced by strong phylogenetic signal in the changes in traits and fitness
(Figure 4). This is because closely related strains are more likely to evolve similarly to
one another as a result of paralleled epistatic interactions between mutation and genotype.
Furthermore, the presence of CF epidemic clones suggests that some genotypes have
higher capacities for infection than others.
Our second goal was to determine if niche of origin also constrains
pathoadaptation to a CF lung in P. aeruginosa. We predicted that all environmental
strains are maladapted to SCFM and sit far from an adaptive peak compared to their CF
clinical counterparts, given the evidence of selection within the lung in driving the
adaptation of infecting clones (Figure 4). Environmental strains will therefore require
greater fitness leaps and different phenotypic alterations than clinical strains during
adaptation to SCFM, since clinical strains are presumed to have niche-specific
adaptations in response to the CF lung environment that also confer high fitness in
SCFM.
By investigating the drivers of early adaptation to a CF lung-like environment, we
can start to elucidate any existing variation in a strains propensity to infect a CF lung, in
order to hopefully bring about more efficient prevention guidelines and improved early
therapeutic measures in the CF population.
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Figure 4. Hypothetical fitness landscapes underlying the adaptation of P. aeruginosa to
SCFM. It is predicted that closely related strains, for example of the same clades (letters),
will cluster together and niche-specific pre-adaptations will mean that environmental
(green) strains are overall less adapted than the clinical strains (blue). A) The underlying
adaptive landscape is postulated to be smooth, whereby the adaptive leaps and trait
evolution of each strain will be constrained by genetic background. B) Alternatively, the
adaptive landscape could be rugged, whereby the fitness optimum available to each strain
is constrained by genetic background.
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Chapter 2: Materials and Methods
1.0 Bacterial Strains and Media
A diverse sample of P. aeruginosa strains previously collected from soil, water,
and lung sputum samples from chronic CF infection was selected in order to test for the
effects of genetic background and niche of origin on adaptation (Table 1). In total, we
analyzed 7 clinical strains, 9 environmental strains, and the commonly used laboratory
test strains Pa14 and PaO1. A phylogeny was constructed in MEGA7 (Kumar et al.
2016), using the nucleotide sequences of 380 core genes (Figure 5) (Dettman et al.,
personal communication). Given the high rates of horizontal gene transfer (HGT) in
bacteria, inferring the proper phylogeny can be difficult. We therefore compared only the
core genes that are present in all strains, and have assumed that these genes have been
minimally affected by HGT. While this may not be the case, using an incorrect
phylogeny for phylogenetic comparative methods is said to be better than assuming the
complete independence of strains, and disregarding phylogeny altogether (Felsenstein
1985). In our construction of the tree, the phylogenetic relationships between the strains
show a varied dispersion of environmental and clinical strains throughout the phylogeny
(Figure 5). Glycerol (25%) freezer stocks of each strain were generated from isolated
colonies grown overnight at 37°C in Lysogeny Broth (LB). These isogenic strains,
referred to as the “ancestral” strains, are the parental genotypes from which each evolving
population is founded in the selection experiment described below.
To test for the adaption of each strain specifically to clinically relevant conditions,
a modified synthetic CF lung sputum medium (SCFM) was used (Table 2) (Palmer et al.
2007; Turner et al. 2015). This media was created primarily to mimic the nutritional
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Table 1. Ancestral P. aeruginosa Strains
Niche

Environment
(En)

Clinical
(CF)

Strain

Isolation Location

Country

Gut_40
Gut_42
Gut_44
Gut_45
Gut_46
Gut_47
Gut_48
Jp_129
Jp_119
JD_303
JD_306
JD_312
JD_314
JD_328
JD_334
JD_335
PaO1
Pa14

King City, ON
King City, ON
King City, ON
Toronto, ON
Maysville, KY
Maysville, KY
Maysville, KY
Pacific Ocean
Suruga Bay
Toronto, ON
Toronto, ON
Kitchener, ON
Kitchener, ON
London, ON
Sudbury, ON
Toronto, ON

Canada
Canada
Canada
Canada
USA
USA
USA
Japan
Japan
Canada
Canada
Canada
Canada
Canada
Canada
Canada

Isolation
Date
2004
Apr 7/10
Apr 7/10
Apr 8/10
Apr 8/10
Apr 8/10
Apr 8/10
2003
2004
Nov/05
Nov/05
Nov/05
Jan/06
May/06
Sep/06
Oct/06

Source
Soil
Soil
Soil
Soil/Water
Soil
Soil
Soil/Water
Sea Water
Sea Water
CF-patient
CF-patient
CF-patient
CF-patient
CF-patient
CF-patient
CF-patient
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Figure 5. Maximum likelihood phylogeny that depicts the shared evolutionary history of
the ancestral P. aeruginosa strains (Table 1). Branch lengths are proportional to the
number of substitutions per site
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Table 2. SCFM Composition
Group

Buffered Base

Amino Acid Salts

Amino Acid Solutions*

DNA
Matrix
Supplemental

Compound
K2SO4
KCl
KNO3
MOPS
Na2HPO4
NaCl
NaH2PO4
NH4Cl
Cysteine
Tyrosine
Threonine
Histidine
Phenylalanine
Alanine
Arginine
Asparagine**
Glutamine**
Glycine
Isoleucine
Leucine
Lysine
Methionine
Ornithine
Proline
Serine
Tryptophan**
Valine
Double Stranded Salmon Sperm DNA
Bovine Mucin
MgCl2
FeSO4 7H20
N-Acetlyglucosamine
CaCl2 2H20
Dextrose
L-lactic acid

Concentration (g/L)
0.047
1.116
0.035
2.092
0.177
3.032
0.156
0.124
0.028
0.145
0.128
0.081
0.088
0.159
0.054
0.110
0.227
0.090
0.147
0.211
0.311
0.094
0.090
0.191
0.152
0.002
0.130
0.600
5.000
0.003
5.00×10-5
0.003
0.013
0.027
0.042

*

1.0M amino acid stock solutions were individually prepared and stored at 4°C for a maximum
of 1 month. **Stock solutions were prepared in NaOH
Note: Buffered base and amino acids were individually sterilized, combined, corrected to a pH
of 6.8 with HCl, and then filter sterilized. Autoclaved biological matrix was added and the
mixture was stored at 4°C for a maximum of 1 month. UV sterilized DNA was added the night
prior to use, and filter sterilized supplemental ingredients were added immediately prior to use.
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environment of the CF lung, which contains an abundance of amino acids, salts, and
DNA. We also included bovine mucin as it provides a biological matrix to the media
comparable to that of clinical sputum, which is high in mucins and notably viscous
(Houdret et al. 1986). Importantly, previous studies have found that P. aeruginosa
evolved within SCFM + mucin gain comparable mutations to those seen in vivo,
validating its use as a study model for a cystic fibrosis lung environment (Wong et al.
2012).

2.0 Experimental Evolution
In order to evolve each P. aeruginosa strain within SCFM, a selection experiment
was used in which four evolving replicate populations were founded from each ancestral
strain. This was completed by initially seeding four isolated colonies from each ancestral
strain individually into a separate 1.5ml aliquot of SCFM, in 24 microwell plates. Every
24 hours of stationary growth at 37°C, 15µl of each population was transferred to fresh
SCFM equating to a dilution of 1:100, which results in approximately 6.64 generations
per day. Daily transfers ensued for 15 days (~100 generations), where at this time point
the final cultures were frozen in 25% glycerol, and designated as the “evolved whole”
populations. Furthermore, a single isolate was chosen at random from each evolved
whole population, and a frozen glycerol stock of each isolate was created from an
overnight culture grown in LB. These strains were labeled the “evolved single”
populations, and are referred to as such during the remainder of the experiment.
Multiple tests surrounding the selection experiment were in place to control for
and identify any possible contamination. Throughout the transfers, one control included
the growth of Pa14-LacZ between each test population in a checkerboard pattern within a
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separate aliquot of media. After every three days of transfers, the evolving populations
were streaked onto M9 minimal media agar (MMA) + X-gal (composition per liter: 6.78g
Na2HPO4, 3.00g KH2PO4, 0.50g NaCl, 1.00g NH4Cl, 0.24g MgSO4, 0.01 CaCl, 8.00g
glucose, 500µl X-gal, 15g agar). By the absence of PA14-LacZ (blue colonies) all
populations were deemed free from inter-well contamination, with the exception of two
replicates (34-4 and 47-4). These two populations were subsequently removed from the
study. In addition, all evolved populations were streaked onto Pseudomonas Isolation
Agar (PIA), MacConkey agar, Cetrimide agar, and M9 MMA + IPTG + X-gal, to ensure
that each P. aeruginosa population had not been outcompeted by any possible
contaminants, and that each population was free from any invading E. coli contaminants.
In two clinical strains originally incorporated into the study, contamination was observed
via these methods and the strains were therefore excluded from any further analysis.

3.0 Phenotypic Assays
Each ancestral strain and its four corresponding evolved single populations were
tested for multiple pathoadaptive phenotypes that have been identified by many
longitudinal and genomic studies to be enhanced or lost in CF lung infections (Hogardt
and Heesemann 2010; Winstanley et al. 2016). Briefly, these included forms of motility,
biofilm formation, antibiotic and oxidative stress resistance, and the production of
extracellular proteases and virulence factors. Specific assays used to identify each of
these traits are described below. Overnight cultures were grown shaking at 150 RPM in
either 4ml or 200µl of LB media at 37°C. Incubation (growth) temperatures for each
assay were 37°C, unless otherwise specified. In each experiment, a trait value was found
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for each evolved and ancestral population, and the change in trait value (∆Trait) of each
evolved strain from its ancestor was additionally calculated (Equation 1).
Δ𝑇𝑟𝑎𝑖𝑡 ± 𝜎M = 𝑇𝑟𝑎𝑖𝑡Evolved − 𝑇𝑟𝑎𝑖𝑡Ancestral ± (𝜎MTraitEvolved + 𝜎MTraitAncestral)
(Equation 1)
3.1

Motility

For swimming, overnight cultures were stab inoculated onto the centre of 0.3%
agar LB plates, in replicates of 3. Plates were left upright and after 24 hours of
incubation, the diameter of growth was measured. To quantify twitching motility,
overnight cultures were stab inoculated onto 1.5% agar LB plates, in replicates of 4 per
plate. After 48 hours of incubation, followed by 24 hours of growth at room temperature,
the agar was discarded and plates were stained with 750µl of crystal violet dye (0.1%) for
2 minutes. The excess stain was then rinsed off with water, and the diameter of each stain
was measured as an estimate of twitching motility (Rashid and Kornberg 2000).
3.2

Biofilm Formation

In order to first facilitate the growth of a biofilm, overnight culture was grown in
wells of 100µl of LB media in replicates of 6, shaking at 150 RPM for 48 hours.
Planktonic cells were removed by rinsing with water, and the remaining cells aggregated
to the well walls were stained with 125µl of crystal violet dye (0.1%) for 10 minutes.
Excess stain was removed with water, and the biofilms were solubilized with 200µl of
acetic acid (30%) for 10 minutes. The OD600 of 125µl of the solubilized biofilm was
measured as an estimate of biofilm density (Merritt et al. 2005).
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3.3

Exotoxin Production

Extracellular proteases were measured by the spot inoculation of 5µl of overnight
culture onto skim milk agar plates (composition per liter: 5.0g peptone, 3.0g yeast
extract, 8.0g skim milk powder, 15g agar). These were completed in replicates of 4, and
after 24 hours of growth the zone of hydrolysis on each plate was estimated from the
diameter (Fulzele et al. 2011).
The production two of pigments involved in virulence (pyocyanin and
siderophores) was measured as the optical density of culture supernatant per estimated
cell count. Specifically, overnight culture was grown in 200µl LB media shaking for 24
hours. Post incubation, the cultures were diluted 1:100 in LB and the OD600 was
measured as an estimated number of cells. The remaining overnight culture was
centrifuged at 12000 RPM for 5 minutes, and the OD405 and OD695 of the supernatant
was read. The ratio of OD405/OD600 was calculated as the measurement of siderophore
production, and the ratio of OD695/OD600 was used as a measure of pyocyanin
production.
3.4

Antibiotic and Oxidative Stress Resistance

Minimal inhibitory concentrations (MIC’s) of selected stressors were used as
measures of the bacterial susceptibility to both antimicrobials and oxidative stress. The
specific antibiotics tested were ciprofloxacin and tobramycin, which are commonly used
to clinically treat both acute and chronic CF lung infections (Chmiel et al. 2013).
Hydrogen peroxide (H2O2) and sodium nitrite (NaNO2) were furthermore included in the
assay as inducers of oxidative stress, in order to measure its resistance in P. aeruginosa
(Bollag and Henninger 1978; Bjarnsholt et al. 2005).
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To test the effects of stressor on bacterial growth, overnight culture was diluted
1:100 in LB, within a 2-fold dilution of stressor, in replicates of three. The concentration
ranges of each stressor were as follows: tobramycin 0.0625-32.00µg/ml, ciprofloxacin
0.0078-4.000µg/ml, H2O2 3.906-2000mM, NaNO2 0.375-48.0mg/ml. Upon incubation
for 24hrs, the MIC of each compound was identified as the test concentration that
inhibited the growth of cells by at least 90%, which was determined from the OD600
(Andrews 2001).

4.0 Competitive Fitness Assay
In addition to phenotyping, the ancestral and evolved fitness of each single and
whole population was analyzed. Fitness was measured using a competitive fitness assay
against a common competitor (Pa14-LacZ). Both single and whole populations were
included in the assay in order to estimate the resemblance of the single isolate to its
founding whole population. Furthermore, the competition experiments were carried out
under the same conditions as the selection experiment, in order to identify how fitness
had evolved in this environment. Specifically, whole, single and ancestral populations, as
well as Pa14-LacZ, were grown stationary overnight, in 1.5ml SCFM. Cultures were
diluted 0.5:100 in fresh SCFM in replicates of 4, with the addition of the Pa14-LacZ
overnight culture to every replicate, at an even dilution of 0.5:100. A 50µl aliquot of
these initial cultures was frozen in 25% glycerol and denoted as the initial sample. After
stationary growth occurred for 24 hours at 37°C, another 50µl aliquot was frozen and
labeled as the final sample. Serial dilutions of each initial and final sample were
completed in 1X Minimal Salts, and the four highest dilutions were spot inoculated in
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replicates of 4 onto M9 MMA + X-gal. Blue (Pa14-LacZ) and white (single, whole and
ancestral strains) colony counts were recorded.
The selection coefficient (s) for each replicated competition was calculated as an
estimate of fitness for each population (Equation 2).
ln (
𝑠=

𝑊ℎ𝑖𝑡𝑒 𝑓𝑖𝑛𝑎𝑙
𝐵𝑙𝑢𝑒 𝑓𝑖𝑛𝑎𝑙
) − ln (
)
𝑊ℎ𝑖𝑡𝑒 𝑖𝑛𝑖𝑡𝑖𝑎𝑙
𝐵𝑙𝑢𝑒 𝑖𝑛𝑖𝑡𝑖𝑎𝑙
# 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠
(Equation 2)

The change in fitness (∆s) for each single and whole population was also calculated
(Equation 1), whereby each of the four evolved strain replicates per population was
compared against the fitness of its shared ancestral strain.

5.0 Statistical Analyses
All statistical analyses were completed in R Software for Statistical Computing (R
Core Team 2013), and Bayes Traits (Pagel 1999). The latter allows for the analysis and
estimation of trait evolution in a phylogenetic framework. Graphing visualizations were
completed using the ggplot2 package in R (Wickham 2009), with the exception of the
∆trait heat map, which was visualized using the phylo.heatmap function of the phytools
package in R (Revell 2012).
5.1

Phylogenetic Signal

Phylogenetic signal of the change in a single continuous trait was assed by
estimating three different parameters: Pagel’s λ, Abouheif’s Cmean, and Moran’s I. Pagel’s
λ was estimated by using an MCMC analysis in Bayes Traits, and was confirmed via a
ML analysis using the phytools package in R (Revell 2012). Abouheif’s Cmean, and
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Moran’s I were both estimated using the phylosignal package in R (Keck et al. 2016). In
all tests, a randomly generated dataset and a manipulated dummy dataset that mimicked a
complete phylogenetic distribution of traits were included in the analysis, as a control for
both maximal and minimal phylogenetic signal. The phylogeny itself that was included to
analyze the distribution of ∆traits throughout these tests was a tree with a four-way
polytomy at each tip, where each tip corresponded to the evolved replicates of each
ancestral strain. Since the methodology behind Blomberg’s K does not allow for the
inclusion of polytomies, it could not be estimated in this experiment.
5.2

Phylogenetic Comparative Analyses of Niche

In order to test for evolved differences between clinical and environmental strains,
we had to acknowledge the non-independent sampling of strains given their shared
phylogenetic history (Felsenstein 1985). We therefore carried out and compared three
different analyses that correct for phylogeny when comparing individual trait changes
between the two niches: a manual independent contrast analysis, a phylogenetic
generalized least squares (pGLS) analysis using the nlme library of the ape package in R
(Paradis et al. 2004), and a phylogenetic-corrected correlational analysis in Bayes Traits.
We also did a fourth analysis: a multivariate ∆trait comparison between niches by
carrying out a phylogenetic-corrected principal component analysis (pcPCA), using the
phyl.pca function of the phytools package in R (Revell 2012). All tests, which are
described in detail below and summarized in Table 3, excluded Pa14 and PaO1 in the
analysis and therefore corrected for non-independence of samples with the appropriate
phylogeny (Figure 6).
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Figure 6. Maximum likelihood phylogeny that depicts the shared evolutionary history of
environmental (En) and clinical (CF) P. aeruginosa strains. Branch lengths are equivalent
to the number of substitutions per site. Independent contrasts directly comparing niches
are labeled A-D.
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1. Manual Independent Contrasts: This analysis was carried out first by
identifying environmental and clinical sister clades - those where the two niches share an
immediate common ancestor (Felsenstein 1985). Within the P. aeruginosa phylogeny,
four such direct contrasts between environmental and clinical niches were found, and
labeled as contrasts A-D (Figure 6). Within these four contrasts, we averaged the ∆trait
values across all four replicates of each strain, and used a one-sample t-test to identify
any non zero differences between environmental and clinical averaged ∆trait values.
2. pGLS: Essentially a weighted regression model, sample points are given less
weight in a pGLS model if there is covariance between them. In regards to the
phylogenetic framework, the weighting is determined from a correlation matrix of the
covariance between species based on their shared phylogenetic history (Symonds and
Blomberg 2014). This covariance is altered depending on the amount of phylogenetic
signal in the actual distribution of traits, where less phylogenetic signal will down-weight
the covariances between species (Symonds and Blomberg 2014). This phylogenetic
signal is determined through the estimation of λ in the distribution of the residuals, and
the estimated λ is then applied to the correlation matrix, which is applied to the regression
model (Freckleton et al. 2002). We ran a ML pGLS on all continuous ∆traits, with niche
included as the discrete predictor variable. The estimated λ for the correlation structure
applied within the GLS models was carried out using the corPagel function of the ape
package. We used the total replicated data for all environmental and clinical strains,
where the incorporated phylogeny was one with a four-way polytomy at each tip.
However, since the correlated matrix cannot deal with hard polytomies, we changed each
zero branch length to 10-8.
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3. Phylogenetic-Corrected Correlations: The correlational analysis corrects for
the non-independence of samples by using a similar GLS framework to the pGLS. Here,
λ was estimated for the correlation structure, and the analysis was carried out using an
MCMC method. Bayes Traits does not allow for correlations between discrete and
continuous variables if there are zero or very small branch lengths, so we averaged the
∆trait values across replicates of each strain as was done in the independent contrasts
analysis, and incorporated a tree with no polytomies (Figure 6).
4. pcPCA: The multivariate ∆trait analysis was carried out on all replicated ∆trait
data, and was thereby corrected for by the environmental/clinical phylogeny (Figure 6)
with four polytomies at each tip (one for each evolved replicate). Our analysis used the
λmethod and a correlation mode in calculating the principal components.
5.3

Phylogenetic Comparative Analyses of Trait Variations

In addition to testing for phylogenetic signal and niche effects in adaptation, we
also measured different variations of trait associations to further assess any evolutionary
patterns in traits and fitness. Specifically we carried out correlations between each ∆trait,
a pGLS between ancestral trait and ∆trait, and a correlation and pGLS analysis between
fitness and trait. These analyses were completed on the entire dataset of environmental,
clinical, and PaO1/Pa14 strains (Figure 5). While completed in the same general manner
as the niche comparison analyses, specifics to each trait comparison analysis are
summarized in Table 3, and described as follows:
∆Trait Correlations: Each continuous ∆trait was correlated against all other
∆traits. This was completed on the total replicated data while accounting for the nonindependence of samples in a phylogeny that included 4 polytomies at each tip. This
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analysis did not estimate λ for the applied correlation structure, but rather assumed a
complete BM correlation structure.
Ancestor vs ∆Trait: A pGLS was carried out on the ancestral value of each trait
with the corresponding change in that trait. The ancestral state was the continuous
predictor variable, and λ was estimated for the correlation structure. This was carried out
on the total replicated data with a four-way polytomy tree, however this replaced the zero
branch lengths with 10-8. A phylogenetic corrected correlational analysis was attempted
to replicate the analysis, however for reasons unknown Bayes Traits could not deal with
this specific dataset.
Trait vs Fitness: The trait values for each ancestral and evolved population were
correlated with the fitness values of those same populations. This analysis thereby
corrected for non-independence of samples with a 5-way polytomy at each tip - one for
each ancestral strain and four for each evolved strain. In this analysis we estimated λ for
the correlation structure. A pGLS was also carried out on the same data to replicate the
analysis, where trait was the continuous predictor variable. λ was also estimated here for
the correlation structure. The same phylogeny was incorporated where 10-8 replaced zero
branch lengths.
5.4

Ancestral and Evolved Population Comparisons

We wanted to identify if the evolved strains of each niche changed significantly
from their ancestral state in a multivariate analysis. To accomplish this we carried out an
additional pcPCA on each of the ancestral and evolved populations, of both
environmental and clinical strains. The multivariate data included in the analysis
consisted of both traits and fitness, and was corrected for by a phylogeny that included a
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five-way polytomy at each tip (four for each of the evolved strains, and one for the
ancestral strain). This analysis also used the λ method and a correlation mode in
calculating the principal components.
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pGLS

pcPCA

Evolved vs
Ancestor

R - phyl.pca
(phytools)

R - nlme
(phytools)

λ

λ

λ

Bayes Traits

Correlations

Traits vs
Fitness

λ

pGLS

Brownian

Bayes Traits

pcPCA

R - nlme
(phytools)

λ

R - phyl.pca
(phytools)

pGLS

Ancestor vs
∆Traits

λ

R - nlme
(phytools)

Correlations

λ

Independent
Contrasts

Bayes Traits

Manual

Independent
Contrasts
Correlations

Software

Test

∆Traits

Niche vs
∆Trait

Comparison

Correlation
Structure

Env/Clin/PA

Evolved &
Ancestral

Env/Clin/PA

Env/Clin/PA

Evolved &
Ancestral

Evolved &
Ancestral

Env/Clin/PA

Env/Clin/PA

Env/Clin

Env/Clin

Env/Clin

Env/Clin

Phylogeny

Ancestral / ∆

∆

∆

∆

∆

∆

Trait Data

Included

Included

Included

Included

Included

Included

Included

Averaged

Averaged

Strain
Replicates

5

5 (10-8
replaces zero)

5

4 (10-8
replaces zero)

4

4

4 (10-8
replaces zero)

None

None

Polytomies

Table 3. Summary of comparative analyses that correct for the non-independence of species in a phylogenetic framework

Chapter 3: Results
1.0 Evolution of Pathoadaptive Traits and Fitness
We evolved 18 genetically distinct P. aeruginosa strains within SCFM, for ~100
generations, and measured changes in evolved trait from each ancestral state, as well as
the change in fitness (Figure 7). The extent of diversity across strains in the phenotypic
analysis is noteworthy. It is immediately clear that the strains are uniquely evolving
within SCFM, with extensive variability in the directional changes across traits. The
profound diversity in P. aeruginosa is evident in this study, and potential patterns of
evolution explaining the observed diversity are explored in subsequent sections.
Some broad trends are also noted in the phenotypic analysis. For instance,
resistance to NaNO2 appears to increase or remain the same across most strains, with the
exception of two clades, which decrease (En Gut48 and CF JD328) (Figure 7). By
contrast, most strains show no change, or a decrease in resistance to both tobramycin and
ciprofloxacin. Interestingly, however, there are also instances of slightly increased
resistance, especially to ciprofloxacin, despite being evolved in the absence of drug.
As expected, almost all strains increased their fitness within SCFM (Figure 7),
suggesting that the strains have indeed adapted to the environment. While it appears that
some strains are decreasing in fitness, a one-sample t-test reveals that these decreases are
not significantly different from zero (p > 0.05). We have assumed that strains that do not
show significantly increased fitness gains are initially situated closer to an adaptive peak
within SCFM, than those strains with larger gains. While quite variable across strains and
niches (which are explored in subsequent sections), two epidemic strains (CF_JD334LESA
and CF_JD328LESB) included in this study show relatively low changes in fitness
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Figure 7. Heat map of ∆trait values, within a phylogenetic framework. Each trait is
scaled between -1 and 1, where negative blue boxes indicate a decrease in trait value, and
positive red boxes indicate an increase in trait value. White signifies no change.
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(∆sCF_JD335 = 0.25, ∆sCF_JD328 = 0.05) (Figure 7). This suggests that these epidemic strains
are well adapted to a lung environment, which is why they have a high potential of
transfer between patients.

2.0 Correlations Between ∆Traits
We carried out an analysis of correlations between trait changes, in order to
identify which traits tend to change in a similar manner (Figure 8). This is important
because we cannot treat the ∆traits as independent samples if there are strong correlations
between them, given that there may be a single genetic basis underlying the correlated
trait changes. Because we also cannot assume the independence of strains given their
shared phylogenetic history, we tested for ∆trait correlations while correcting for
phylogeny. We found that pyocyanin and siderophore production were very strongly
associated (r = 0.82), as were ciprofloxacin and tobramycin resistance (r = 0.68) (Figure
8). No other trait combinations showed moderate or strong correlations, with an overall
observance of weak or no associations overall (r < 0.3).
Correlated change in pyocyanin and siderophore production is not unexpected, as
both are pigmented molecules in P. aeruginosa that contribute to its overall virulence
(Meyer 2000; Lau et al. 2004). Siderophores are essential molecules in the uptake of iron
- something that is a scarcity in most biological systems and requires competition for
(Meyer 2000). In P. aeruginosa, pyoverdine is the major siderophore. Pyoverdine also
has direct toxic effects, where it has been shown to mediate the killing of leukocytes, and
regulate virulence factor production (Becerra et al. 2001; Lamont et al. 2002). Pyocyanin
itself is a zwitterion that can easily cross membranes, and has a wide range of effects in
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Figure 8. Phylogenetic-corrected correlation matrix between ∆traits. The correlation
structure was estimated from a complete BM assumption, and the analysis was completed
using a MCMC method.
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causing death of host cells, and competing microbes (Lau et al. 2004). Where evolution
in SCFM does not involve the competition from other microbes or a host immune system,
pyocyanin and pyoverdine are concurrently not as useful as when in the presence of
microbes and host cells. Therefore, they are somewhat functionally linked and it is no
surprise that they evolve with one another in SCFM, which is evidenced in their
correlational values. Alternatively, the two traits could share a genetic basis, although a
brief review of the literature did not find anything to suggest this.
The observed correlation may otherwise be an experimental artifact. The
pyoverdine and pyocyanin assay was completed on the same day and on the same
cultures. The optical density at each corresponding wavelength may have thereby
included detection of both pigments, which could have resulted in the observed
correlations. The correlated result is consistent with another study however (Clark et al.
2015), so we are optimistic that experimental flaw is not the case. However, to be sure of
this the assay should be repeated on select cultures on different days.
The correlated changes in antibiotic resistance profiles between tobramycin and
ciprofloxacin appear to be the result of overall decreases in resistance observed across
most strains. When broadly looking at trends in resistance, it generally appears that
strains are increasing in susceptibilities to both antibiotics (Figure 8), which is likely due
to the cost of resistance in the absence of antibiotic (Andersson and Levin 1999). Clark et
al. (2015) also observed correlated resistance profiles between ciprofloxacin, ceftazidime,
and aztreonam, suggesting overall that antibiotic resistance and susceptibility can evolve
together. There are two notable reasons that this may occur in P. aeruginosa. Firstly,
biofilms in particular have been shown to increase combined resistances to antibiotics,
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and are a major reason for antibiotic failure in treating CF infections (Bjarnsholt et al.
2009). Secondly, efflux pumps can play a role in generating multidrug resistance
depending on their substrate specificity. Relevant here, the MexXY multidrug efflux
system has been shown to result in cross-resistance to both fluoroquinolones
(ciprofloxacin) and aminoglycosides (tobramycin) (Morita et al. 2012). A point mutation
in this efflux pump is a plausible reason for the observed correlation between the
tobramycin and ciprofloxacin susceptibility profiles in this experiment. It also appears
that En Gut48 increases its resistance to both antibiotics throughout the ~100 generations
in SCFM (Figure 8), which may have arisen via either of these mechanisms. This is
especially concerning, as drug resistance may be capable of evolving in the absence of a
drug selection pressure.
Regardless of the underlying genomic or functional cause, we generally refer to
pyocyanin and pyoverdine production as pigment production, and resistances to
tobramycin and ciprofloxacin as antibiotic resistance throughout the remainder of the
results. This is because we cannot assume that the trait changes of each pair are
independent samples. We do however attempt to correct for strong correlations between
traits by relevant pcPCA’s described in subsequent sections.

3.0 Phylogenetic Signal in the Propensity to Evolve and Adapt
We tested for the strength of phylogenetic signal in the change of each measured
trait and fitness, by estimating Pagel’s λ, Abouheif’s Cmean and Moran’s I (Table 4). The
distribution of ∆fitness and all ∆traits revealed non-zero values of phylogenetic signal,
which suggests that phylogeny is influential to some degree for the evolution of all CF
pathoadaptive traits (Table 4). Notably, there was consistently high and significant
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Table 3. Phylogenetic signal in the change in traits and fitness, measured with three
different tests. Bolded values are significant for the λ test (p < 0.05).
Measured Variable
Cmean*
I*
λ
Biofilm
0.574
0.568
0.774
∆Trait
Proteases
0.484
0.475
0.697
Swimming
0.348
0.342
0.664
Twitching
0.565
0.561
0.742
H2O2
0.614
0.605
0.863
NaNO2
0.300
0.298
0.230
Siderophores
0.671
0.670
0.347
Pyocyanin
0.569
0.567
0.091
Ciprofloxacin
0.362
0.354
0.543
Tobramycin
0.317
0.312
0.619
Fitness
∆
0.277
0.267
0.577
Evolved
0.251
0.244
0.515
*
All measured traits and fitness showed significant signal (p < 0.05)

p-value (λ)
< 0.05
< 0.05
< 0.05
< 0.05
< 0.05
> 0.05
< 0.05
> 0.05
< 0.05
< 0.05
< 0.05
< 0.05
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phylogenetic signal in changes in H2O2 resistance (λ = 0.863, I = 0.605, Cmean = 0.614),
biofilm (λ = 0.774, I = 0.568, Cmean = 0.574), and twitching (λ = 0.742, I = 0.561, Cmean =
0.565). The repeatable strength of phylogenetic signal across all three tests is robust
evidence for the strong influence of phylogeny in the evolution of these pathoadaptive
traits, within SCFM. While there are slight discrepancies between tests in other traits,
there is still moderate phylogenetic signal observed repeatedly in changes in proteases (λ
= 0.697, I = 0.475, Cmean = 0.484), antibiotic resistance (λ ~ 0.600, I ~ 0.330, Cmean ~
0.340), and swimming (λ = 0.664, I = 0.342, Cmean = 0.348). Signal in the change in
pigment production and NaNO2 resistance however are quite variable between tests, and
not always significant (p < 0.05), so it is inconclusive whether there is reliable signal in
the evolution of these traits.
There is significant phylogenetic signal in ∆fitness across all tests of intermediate
strength (λ = 0.577, I = 0.267, Cmean = 0.277) (Table 4). This is almost mirrored in the
phylogenetic signal of evolved fitness, which is slightly weaker than that of ∆fitness (λ =
0.515, I = 0.244, Cmean = 0.251). The moderate strength of phylogenetic signal in ∆fitness
is very noteworthy. This suggests that the fitness changes required for early adaptation of
P. aeruginosa to SCFM is dependent on genetic background. While it is difficult to make
strong inferences concerning the underlying fitness landscape within SCFM, it is clear
that not all strains are responding the exact same way to the environment. There is
genetic variation in a strain’s propensity to adapt, suggesting that some strains are more
maladapted than others to life in the lung and require greater fitness changes, as indicated
by a moderate phylogenetic signal in ∆fitness.
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The slight decrease in phylogenetic signal in evolved fitness is possible evidence
for selection erasing some effect of history, and driving the adaptive convergence of these
strains. This would suggest that strains are starting to converge onto some optimum as a
result of selection, whereas their fitness gains are somewhat dictated by phylogeny and
where in a fitness landscape they begin. However, our measure of fitness is assumed to
be transitive - that is that high fitness against Pa14-LacZ is consistent with high fitness in
SCFM. As this may not be the case, a more robust measure of fitness, and a longer
selection experiment is needed in order to properly investigate the tradeoff effect between
adaptation and history.

4.0 Niche Effects in the Evolution of Traits and Fitness
We compared the individual ∆traits between niches using three different analyses
to correct for phylogeny, as well as compared the two niches with a multivariate analysis.
When comparing niches using the manual independent contrasts analysis, we found that
siderophore production and resistance to H2O2 were significantly decreased in
environmental strains, compared to clinical strains (p < 0.05) (Figure 9). Furthermore,
change in pyocyanin production was decreased in environmental strains of near
significance (p < 0.07) when compared to the clinical strains, and change in fitness was
slightly higher amongst environmental strains (p < 0.07). No significant niche differences
were observed for the rest of the traits, which include biofilm, antibiotic resistance,
resistance to NaNO2, proteases, swimming and twitching (p > 0.07) (Figure 9).
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Figure 9. Independent contrast analysis directly comparing environmental and clinical
strains within a phylogeny, in their averaged ∆trait value across the evolved replicates of
each ancestral strain. Stars equate to significance in niche differences (** = p < 0.05; * =
p < 0.07)
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The phylogenetic-corrected correlational analysis for niche comparisons revealed
similar trends for changes in siderophore production, and resistance to H2O2. There is
evidence that these phenotypes decreased more, or increased less, in environmental
strains; this effect was extremely pronounced for ∆H2O2 (siderophores: r = -0.45, logBF
> 2; H2O2: r = -0.84, logBF > 10) (Table 5). Changes in fitness are also significant in this
analysis, but a low correlation coefficient indicates that environmental strains are
increasing in fitness only slightly more than clinical strains (r = 0.09 logBF > 2). There
are discrepancies with the independent contrasts analysis for changes in swimming and
tobramycin resistance however, for which there is some evidence of differences in this
correlational analysis (swimming: r = -0.5; logBF > 2; tobramycin: r = 0.41, logBF > 2).
Furthermore, ∆pyocyanin did not show differences between niches in this analysis (Table
5).
In conjunction with the independent contrasts and correlational analyses, the
pGLS revealed significant differences between niches in the changes in H2O2 resistance
(n = 62, λ= 0.62, p = 0.00) and siderophores (n = 62, λ= 0.19, p = 0.00) (Figure 10,
Table 6). Similar to the correlational analysis, swimming was also significantly different
between the niches, showing much lower increases in the environmental strains (n = 62,
λ= 0.56, p = 0.03) (Figure 10, Table 6). Pyocyanin production was also significant in
this analysis as it was in the independent contrasts and shows more decreases in the
environmental strains (n = 62, λ= -0.03, p = 0.01) (Figure 10, Table 6).
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Table 4. Correlational analysis of niche with ∆trait. R is the correlation for
environmental strains compared to clinical strains. When positive, environmental strains
are changing less negatively (or more positively) than clinical strains. Vice versa for
negative. The stronger R is, the more different the ∆trait values between the two niches.
Stars equate to strength of evidence (*=logBF > 2; **=logBF>10).
Trait
Biofilm
Proteases
Swimming
Twitching
H2O2
NaNO2
Siderophores
Pyocyanin
Ciprofloxacin
Tobramycin
Fitness

R
0.08
-0.19
-0.50
-0.16
-0.84
-0.35
-0.45
-0.34
0.12
0.41
0.09

95% CI
(-0.08 - 0.22)
(-0.36 - -0.04)
(-0.61 - -0.36)
(-0.30 - 0.00)
(-0.88 - -0.77)
(-0.48 - -0.20)
(-0.58 - -0.31)
(-0.49 - -0.17)
(-0.07 - 0.25)
(0.25 - 0.53)
(-0.07 - 0.21)

λ Estimate
0.57
0.99
0.60
0.49
0.72
0.81
0.16
0.14
0.75
0.56
1.00

95% CI
(0.04 - 0.93)
(0.40 - 1.00)
(0.04 - 0.95)
(0.02 - 0.90)
(0.08 - 0.95)
(0.09 - 0.98)
(0.01 - 0.54)
(0.01 - 0.52)
(0.13 - 0.97)
(0.03 - 0.96)
(0.75 - 1.00)

LogBF
0.77
-0.35
*4.81
-0.29
**18.08
1.50
*3.83
1.42
-0.19
*3.15
*3.32
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Figure 10. pGLS models of ∆trait as a function of niche. Raw data is plotted with the
pGLS regression line included (solid). Colours represent the replicates of each strain.
Stars equate to significance (** = p < 0.05).
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Table 5. Corresponding pGLS parameters for Figure 10: ∆trait as a function of niche.
Bolded values are significant (p < 0.05).
∆
Intercept Slope (SE) λ Estimate p-value
Biofilm
-0.25 0.05 (0.21)
0.82
0.83
Protease
0.02 -0.08 (0.09)
0.61
0.42
Swimming
2.03 -2.03 (0.93)
0.56
0.03
Twitching
-0.27 -0.14 (0.39)
0.78
0.72
H2O2
0.07 -0.26 (0.04)
0.62
0.00
NaNO2
4.95 -3.40 (2.51)
0.28
0.18
Siderophores
1.48 -3.26 (1.08)
0.19
0.00
Pyocyanin
0.60 -1.45 (0.56)
-0.03
0.01
Ciprofloxacin
-0.22 0.20 (0.40)
0.60
0.62
Tobramycin
-2.43 2.85 (1.69)
0.46
0.10
Fitness
0.24 0.07 (0.11)
0.61
0.53
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The consistency across all three analyses is strong evidence that environmental
strains decrease significantly in H2O2 resistance and siderophore production compared to
clinical strains. The discrepancies amongst the other tests are more difficult to interpret,
as each test has its own limitations. The independent contrasts analysis excludes some
strains and averages values across replicates, the correlational analysis also averages
values across replicates, and the pGLS analysis modifies the zero branch lengths of the
phylogeny. Since the pGLS analysis alters the data in the most minimal way, it is likely
the most robust measure. We are therefore confident that changes in pyocyanin are also
significantly different between the two niches, which is corroborated with our ∆trait
correlational analysis that shows pyocyanin is strongly correlated with siderophores (r =
0.82) (Figure 8). Given the pGLS and correlational analysis results, we are also confident
that swimming is significantly different between the two niches.
The large decrease in H2O2 resistance in environmental strains compared to the
clinical strains is consistent with the study by Head and Yu (2004), which showed
planktonic clinical cells had much higher susceptibility. This is believed to be a result of
biofilm protection against oxidative stress. It is reasonable then, that the environmental
strains, having started with high resistances, increased in susceptibility in becoming more
clinical-like. The virulence pigments also decrease more in environmental strains, which
is expected, since a loss of virulent factors are often observed in chronic lung infections.
Again, the environmental strains possibly lose the pigments they start with, while clinical
strains have already lost them.
Since changes in fitness were higher in the environmental strains in the
correlational analysis, and almost significant in the independent contrasts analysis but not
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at all significant in the pGLS, we investigated the results in more depth. As the
independent contrasts exclude certain strains from its analysis, further investigation
revealed that two of the excluded environmental strains, En Jp119 and En Jp129, undergo
little change in fitness. These strains are also unique, as they are the only test strains
isolated from outside of North America, and the only two from coastal sea water sources
(Table 1). When excluded from the correlation and independent contrasts analyses, the
change in fitness is significantly different and greater in the environmental strains than
clinical strains (independent contrasts: p << 0.05; correlations: r = 0.38, logBF = 3.06)
(See Appendix A). When these strains are excluded from the pGLS, while still not
significant, the slope of the pGLS is much steeper between the two niches (n = 54, p =
0.22, λ = 0.44, slope = 0.14) (See Appendix A). Given the observed variations between
strains, we cannot conclude that all environmental strains are maladapted to a CF lung,
however they appear to be generally less adapted than the clinical strains. This raises the
question as to whether strains from particular niches are better primed for infection, and
can more readily transition to life in the lung.
We also did a multivariate analysis by carrying out a pcPCA of the ∆traits, to
further identify any differences between environmental and clinical strains (Figure 11). A
PCA is a multivariate analysis that identifies the different combinations of traits that best
explain the variance in the data. This takes possibly correlated traits and converts them
into a series of linear principal components (PC), which explain the variance in the data,
in an ordinal structure. For instance, our analysis found that PC1 explained 24.3% of the
variance in the data, and PC2 explained 18.4% of the variance (Figure 11). Furthermore
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Figure 11. Phylogenetic-corrected PCA of ∆traits comparing environmental and clinical
niches. Ellipses equate to coverage of 85% of data.
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in this analysis, the samples are corrected for non-independence due to their shared
phylogenetic history, resulting in a pcPCA of ∆traits. When comparing the niches in the
multivariate ∆trait analysis, the pcPCA shows a difference between environmental and
clinical strains along PC1 (Figure 11). This niche difference was confirmed as significant
through a pGLS of PC1 (n = 62, λ= 0.26, p = 0.00). Differences between niches in PC1
mostly consist of changes in pigment production (loading > 0.8), which is consistent with
both the independent contrasts and correlations. Antibiotic resistance is also a major
contributor to PC1 (loading > 0.5), which was not significantly observed in the prior
analyses (Figure 11).
The combined analyses investigating the niche differences in trait evolution and
fitness gains throughout evolution in SCFM are compelling evidence that environmental
and clinical strains are changing differently from one another both in terms of individual
traits, and some combination of traits.

5.0 Clinical Relevance of Trait Changes
Given the niche differences in the various trait changes, we sought to determine
what the relevance of these trait changes are - are environmental strains transitioning to a
clinical phenotype? To investigate this, we performed a pcPCA of each ancestral and
evolved population’s trait and fitness values, of both niches, to identify how the evolved
populations are changing from their ancestors (Figure 12). An analysis of niche overlap
revealed the highest overlap between the ancestral and evolved clinical strains, with a
Schoener’s D of 51%, compared to 44% for the ancestral and evolved environmental
strains. This firstly suggests that clinical strains are overall changing less within SCFM,
than the environmental strains.
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Figure 12. Phylogenetic-corrected PCA of multivariate trait and fitness data comparing
ancestral and evolved populations of environmental and clinical strains. Ellipses equate to
coverage of 85% of data.
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We carried out paired, two sample t-tests and an analysis of Cohen’s d to
determine the significance and effect size of the evolved transitions in SCFM, along the
first two principal components. We found that along PC1, environmental and clinical
strains are both significantly changing throughout evolution in SCFM (Figure 12).
Environmental strains are increasing along PC1 with a large effect size (p = 8.3x10-5, d =
-0.76), and clinical strains are slightly decreasing along PC1 with a small effect size (p =
0.04, d = 0.45). Along PC2, the transition is also significant from ancestral to evolved
state, in both environmental and clinical strains. Environmental strains are greatly
shifting downwards (p = 5.8x10-9, d = -1.30), whereas in the same direction clinical
strains are moderately shifting (p = 0.01, d = -0.56).
The transition along PC2 in both niches suggests an evolved response to the
unique factors within SCFM that are not mirrored in the environment or a CF lung. This
is likely attributed to the absence of antibiotics and competition from immune cells and
microbes. In support of this, antibiotic susceptibility largely influences PC2 (loading >
0.7). Additionally, a gain in fitness largely contributes to PC2, suggesting that SCFM is
not a perfect proxy for the CF lung, and both strains require adaptations that are specific
to this environment. However, environmental strains are transitioning along PC1 towards
a more “clinical-like” state, evidenced by the significant transition of the majority of
strains in the rightward direction of a large effect, whereas the clinical strain’s shift along
PC1 is only marginally significant, and of a small effect (Figure 12). The right shift in
environmental strains along PC1 also appears to be directed by the loss of proteases,
twitching, H2O2 resistance, pigment production, and biofilm formation (loadings > 0.4),
which are often observed in clinical infections, with the exception of biofilm reduction. A
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gain in fitness along PC1 additionally appears to shift environmental strains to a more
clinical phenotype (loading = 0.34).
The more static nature of the clinical strains compared to environmental strains,
especially along PC1, suggests overall that they are better adapted to SCFM. Even though
SCFM is only a nutritional media that lacks many aspects of the cystic fibrosis lung
including competing microbes, the immune system, epithelium, and antibiotics, there
appear to be similar cues within the media that are present within a CF lung.
Furthermore, the loss of traits that direct the environmental strains to a more clinical
phenotype include those that are known to be lost during adaptation to the CF lung. The
only inconsistency is the general loss of biofilm formation in our experiment, which is
typically enriched in CF infections (Bjarnsholt et al. 2009). The nature of our
experimental design may be a factor in this, in which daily transfers during the selection
experiment occurred from the middle of the medium without mixing of the populations,
and could have selected only for planktonic cells. However, Pa14 in our experiment did
increase in biofilm formation, which is consistent with other studies. It may be that
biofilm is not always necessary for increased fitness in SCFM as it is in the lung, which
could be a result of the lack of stressors present within the media.
Altogether, these results are consistent with previous studies that have found that
SCFM is a comparable growth medium to natural CF lung sputum, and presents some of
the same selection pressures that are present in vivo (Fung et al. 2010; Wong et al. 2012;
Turner et al. 2015). More consistency in future studies should include antibiotics in
SCFM at concentrations that are typically present in clinical CF sputum, as the lack of
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antibiotic in our study appears to drive the paralleled evolution of clinical and
environmental strains in SCFM, along PC2.

6.0 Evolutionary Constraint of Ancestral Trait
Given the evidence of phylogenetic signal of varying strengths in the evolution of
traits and fitness, we attempted to identify if the observed constraint of genetic
background is influenced by the ancestral state of the genotype. We investigated the
change in trait values when compared to the ancestral trait value through a pGLS analysis
to see if the directionality in the evolution of traits is contingent on how high or low that
trait is to begin with (Figure 13, Table 7). Furthermore this analysis allows us to identify
if the changes across traits are consistent with stabilizing or directional selection acting
on them. Stabilizing selection results in the population mean converging onto a single
non-extreme value, and is evidenced by a decreasing trend in evolved populations that
begin at a high state, and an increasing trend in evolved populations that begin at a low
state (Hansen 1997). Directional selection is alternatively the convergence of the
population mean onto an extreme value (either high or low) (Lenski and Travisano 1994).
We found across all traits, a significant and negative association between
ancestral state and change in trait value (slope < 0, p < 0.05) (Figure 13, Table 7). This
means that overall, strains that start with high values tend to decrease more (or increase
less) than strains that start with low values. This is strong evidence that the constraint of
genetic background in the propensity to evolve is somewhat predicted by the ancestral
value.
In particular in proteases, swimming, and H2O2 resistance, there is some evidence
that the evolution of traits is of a stabilizing nature (Figure 13B,C,E). In these traits, low
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Figure 13. pGLS regression models of ∆trait as a function of ancestral trait. Raw data is
plotted with the pGLS regression line included (solid). Colours represent the replicates of
each strain. All models are significant (p < 0.05).
60

Table 6. Corresponding pGLS parameters for Figure 13: ∆trait as a function of ancestral
trait. Bolded values are significant (p < 0.05).
∆
Biofilm
Protease
Swimming
Twitching
H2O2
NaNO2
Siderophores
Pyocyanin
Ciprofloxacin
Tobramycin
Fitness

Intercept
0.23
0.41
3.60
0.34
0.17
6.56
4.07
1.55
0.29
0.63
0.24

Slope (SE)
-0.82 (0.11)
-0.67 (0.12)
-1.34 (0.24)
-0.55 (0.17)
-0.77 (0.11)
-0.64 (0.25)
-1.02 (0.07)
-1.10 (0.08)
-0.56 (0.08)
-0.48 (0.07)
-0.40 (0.18)

λ Estimate
0.36
0.38
0.32
0.64
0.56
0.12
0.70
0.57
0.11
0.24
0.40

p-value
0.00
0.00
0.00
0.00
0.00
0.01
0.00
0.00
0.00
0.00
0.03
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ancestral values tend to increase, and high ancestral values tend to decrease, evidenced by
the negative slope of the pGLS models crossing zero at some intermediate value. This
also appears to be slightly true for biofilm and twitching (Figure 13A,D). This suggests
that evolution in SCFM is favoured by the convergence of these traits onto some
optimum value, which is consistent with stabilizing selection. However since it is
unknown if the directionality of these trait changes to an optimum value is concurrent
with high fitness, it is inconclusive whether selection is actually acting on these traits.
In regards to changes in pigments and antibiotic resistance, those with low
ancestral values do not especially increase when evolved in SCFM (∆trait for min
ancestral trait ~ 0) (Figure 13G, H, I, J). High ancestral values conversely precede large
decreases in trait value, suggesting that SCFM favors the complete loss of the trait. As
previously described, a widespread loss of pigments and antibiotic resistance could be a
result of the high carrying costs without much conferred benefit within SCFM, since
there are no antibiotics, competing microbes, or immune cells present in the media.
Resistance to NaNO2 is contrarily gained across most strains, where selection
appears to be driving the evolution of resistance regardless of the ancestral state. This is
evidenced by the shallow slope and apparent increase in resistance of the majority of the
strains (Figure 13F, Table 7). A review of the literature reveals a cascade of regulatory
genes involved in the respiration of nitrate during anaerobic growth (Schreiber et al.
2007). A byproduct of this reaction is nitrite, which P. aeruginosa is also capable of
using as an electron acceptor (Kerschen et al. 2001). P. aeruginosa also possesses an
excretory system for nitrite so as to avoid toxic levels building within the cell (Kerschen
et al. 2001). While the selection experiment was carried out aerobically, the high
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viscosity of mucin is believed to drive the formation of microcolonies (Fung et al. 2010).
Microcolonies are a form of unattached biofilm, in which growth is thought to occur
anaerobically (Sriramulu et al. 2005). As our biofilm assay tested for attached biofilms,
we do not know what the prevalence of microcolonies is within our populations. It could
be an explanation however, as to why P. aeruginosa in SCFM + mucin may switch to
utilizing nitrate as an electron acceptor during anaerobic growth. Furthermore, since
KNO3 is an ingredient in SCFM, it is possible that the evolved utilization of nitrate and
nitrite as electron receptors, and the subsequent excretion of nitrite from the cell in this
environment allow P. aeruginosa to withstand high amounts of nitric stress.
The changes in fitness compared to the ancestral value also show a negative slope,
where genotypes that start with high fitness values increase less than genotypes that start
with low fitness in SCFM (Figure 13K). This strongly suggests that there is widespread
variation in a strain’s starting fitness within a lung, and that more maladapted genotypes
require greater fitness gains during adaptive evolution. Furthermore, not all strains are
ending up on the same fitness values, or trait values, after the 100 generation selection
experiment. This also suggests that the early adaptation to SCFM is variable amongst
strains, and that the phenotypic and fitness changes required to reach a fitness peak are
met with varied levels of success across strains.

7.0 Trait Predictors of Fitness
In order to identify which traits may specifically be under directional selection,
we carried out a pGLS and correlational analysis comparing trait values with fitness
(Figure 14, Table 7; Table 8). Those traits whose absolute values correlate with fitness
are likely to be under directional selection. While we acknowledge that competitive
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Figure 14. pGLS regression models of fitness as a function of trait. Raw data is plotted
with the pGLS regression line included (solid). Colours represent the replicates of each
strain. Stars equate to significance (** = p > 0.05)
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Table 7. Corresponding pGLS parameters for Figure 14: fitness as a function of trait.
Bolded values are significant (p < 0.05).
Trait
Intercept Slope (SE)
λ Estimate p-value
Biofilm
0.18 -0.14 (0.09)
0.47
0.12
Protease
0.21 -0.12 (0.15)
0.42
0.43
Swimming
0.07
0.02 (0.02)
0.39
0.19
Twitching
0.07
0.06 (0.05)
0.38
0.17
H2O2
0.18 -0.19 (0.25)
0.42
0.44
NaNO2
0.00
0.02 (0.00)
0.48
0.00
Siderophores
0.18 -0.01 (0.01)
0.45
0.31
Pyocyanin
0.15 -0.01 (0.02)
0.42
0.55
Ciprofloxacin
0.18 -0.06 (0.04)
0.40
0.07
Tobramycin
0.17 -0.01 (0.01)
0.40
0.20
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Table 8. Correlational analysis of fitness with trait. Stars equate to strength of evidence
(*=logBF > 2; **=logBF>10).
Trait
Biofilm
Proteases
Swimming
Twitching
H2O2
NaNO2
Siderophores
Pyocyanin
Ciprofloxacin
Tobramycin

R
-0.28
-0.19
0.19
0.14
-0.04
0.42
-0.08
-0.03
-0.12
-0.11

95% CI
(-0.32 - -0.22)
(-0.21 - -0.16)
(0.17 - 0.22)
(0.13 - 0.14)
(-0.07 - -0.02)
(0.40 - 0.45)
(-0.11 - -0.03)
(-0.06 - -0.01)
(-0.15 - -0.09)
(-0.14 - -0.09)

λ Estimate
0.46
0.52
0.35
0.55
0.47
0.40
0.47
0.42
0.51
0.65

95% CI
(0.26 - 0.65)
(0.34 - 0.68)
(0.17 - 0.54)
(0.63 - 0.39)
(0.30 - 0.64)
(0.22 - 0.61)
(0.28 - 0.65)
(0.23 - 0.63)
(0.33 - 0.67)
(0.50 - 0.79)

LogBF
*6.45
*2.63
*3.10
0.59
-1.76
**17.63
1.06
0.46
1.72
0.18
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fitness against Pa14-LacZ may be an imperfect proxy for fitness, it allows for an accurate
comparison of fitness values between the competing genotypes.
We found in both analyses, that resistance to NaNO2 was positively correlated
with fitness, of intermediate strength (n = 88, λ= 0.48, p = 0.00; r = 0.42, logBF =
17.63) (Figure 14, Table 8; Table 9). Furthermore in the correlational analysis, biofilm
formation is negatively correlated with fitness, but of a modest strength (r = -0.28, logBF
= 6.45). Additionally, proteases and swimming show weak correlations with fitness, in
which proteases are negatively correlated (r = -0.19, logBF = 2.63) and swimming is
positively correlated (r = 0.19, logBF = 3.10) (Table 9). However, the significance in
these results are not mirrored in the pGLS, which shows a high degree of scatter around
the regression lines (Figure 14), so it is difficult to draw conclusions regarding directional
selection on these particular traits.
The moderate correlation of fitness with NaNO2 resistance is intriguing, and
corroborated in our analysis of ancestor vs ∆trait, which showed evidence for directional
selection on NaNO2 resistance. Although evolved competitive fitness may not be truly
representative of evolved fitness in SCFM, further investigation reveals that the majority
of strain replicates are increasing in NaNO2 resistance (87%). Additionally in support of
the significant biofilm correlation, there is widespread reduction across replicates (81%).
This suggests that biofilm and NaNO2 resistance are indeed under directional selection.
Furthermore in support of selection acting directly on NaNO2 resistance, there was very
low, insignificant, and inconsistent phylogenetic signal observed in the changes in
NaNO2 resistance (λ = 0.230, I = 0.298, Cmean = 0.300) (Table 4). This strongly suggests
that selection is driving the evolution of this trait, and erasing an effect of phylogeny.
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The benefits of NaNO2 resistance have already been discussed as a possible result
of nitrate respiration during anaerobic growth in microcolonies. The possible
advantageousness of low biofilm is contrary to what was expected. As previously stated
however, the selection experiment may have selected for planktonic cells, and against
biofilm. Furthermore, slow growth typically occurs in biofilms, which may have been a
disadvantage when competed against Pa14-LacZ.

8.0 Single Isolates vs Whole Populations
In a typical experimental evolution study, fitness assays and/or phenotyping are
carried out on a single isolate (or, more rarely, multiple isolates) from a population.
However, the extent of within-population diversity is unknown, and it is unclear how
representative of the whole population the single isolate may be. To account for this, and
reassure us of our phylogenetic analysis, we measured the competitive fitness of all
ancestral, single, and whole populations to see if the change in fitness of the single
isolates is a good estimation of the change in fitness of the whole populations. We found
an increasing, linear trend between both single and whole ∆s values for each population,
which was expected (r = 0.44) (Figure 15).
The absence of a 1:1 correlation and the presence of a flatter slope in the
fitness trend suggest that on average the single isolates are more fit than the whole
populations that they originate from. Combined with consistent and strong scatter around
the mean (r2 = 0.19), this highlights the probable within-population diversity and
existence of what may be a multitude of competing factors. Clonal interference, and
frequency dependent selection may especially be contributing to the maintenance of
diverse genotypes (Levin 1988; Gerrish and Lenski 1998).
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Figure 15. Comparison of the change in fitness (s) between single isolates and the whole
populations from which they were founded. Blue dotted line is an expected 1:1
correlation, red dashed line is the actual regression line.
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It is difficult to capture the diversity and dynamics of any population in biology.
However based on our results of a linear trend between fitness of isolates and their
founding populations, we do believe that the testing of randomly chosen single colonies
isolated from a whole population is an acceptable standard. A better future practice would
be to measure a handful of within-population isolates for stronger replication.

9.0 Accuracy of Trait Data
Pa14 and PaO1 were included in the study in part as a control for some of the
phenotypic assays, since many studies include them in their analysis. We found what was
expected for biofilm formation, which increases in Pa14. PaO1 is known to produce
relatively high amounts of biofilm, which was also observed here. Upon evolution in
SCFM this biofilm production decreased in PaO1. Motility was decreased in Pa14, while
slightly decreased or remained unchanged in PaO1 replicate populations. This is
reassuring, since motility is typically lost in CF infections (Marvig et al. 2015).
We additionally did a miniature review of the literature, where studies that
include the trait analysis of both Pa14 and PaO1 wildtype strains were highlighted (see
Appendix B). We then compared the relative ratios of our ancestral results for Pa14 and
PaO1 with the ratios between the trait values in these studies, as a type of control.
Challenging here was the limited amount of studies that include both wildtype strains in
the analysis, and report the results of both wildtype strains. Secondly, the ratios of traits
between Pa14 and PaO1 in the highlighted studies vary greatly between each other, so it
is difficult to know which result to base ours off of. The actual MIC results for PaO1 and
Pa14 also varied greatly between studies, so it was problematic to compare our MIC
values with studies that included either strain in their experiment.
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It is likely that the specific Pa14 and PaO1 strains used across studies differ
slightly from one another, which is concerning. In fact, a study that analyzed the genomes
of PaO1 strains from different laboratories identified an alarming amount of differences
in deletions, inversions and single nucleotide substitutions between strains (Klockgether
et al. 2010). This calls in to questions the repeatability of some studies that use these
strains, and is a plausible reason for the vast differences in phenotyping that are observed
across studies. While this makes it difficult to control for accuracy in our study, all strains
were equally treated in each assay and replicates and controls were included within each
assay, which allows us to be confident of our results when comparing the trait values
between different strains.
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Chapter 4: Discussions, Conclusions and Implications
1.0 Genetic Background and Niche Influence Trait Evolution and
Adaptation
Charles Darwin in the Origin of Species first described phylogenetic inertia, when
he explained the “Law of Conditions of Existence”. Darwin suggested that the traits of
any species are built upon the preexisting adaptations (Darwin 1859). In our experiment,
we attempted to identify how much the existing genetic background within P. aeruginosa
constrains not only trait evolution, but also adaptation. We found significant evidence for
the contribution of phylogeny in the propensity to evolve and adapt, specifically to a CF
lung-like environment. Phylogenetic signal was detected across all traits and fitness, and
was moderate to strong across many including H2O2 resistance, biofilm formation and
twitching motility. Our results suggest that the early evolution of fitness gains and
pathoadaptive traits is contingent, at least in part, on genetic background and where in a
phylogeny a strain is located. Furthermore, the constraint of genetic background was
mirrored in the constraint of the ancestral state, and genotypes that have a high trait value
consistently decreased more (or increased less) than genotypes that started with a low
trait value. While not specifically investigated, epistasis is likely the underlying
mechanism for the constraint of genetic background in the propensity of P. aeruginosa to
evolve and adapt to SCFM.
Since niche specific adaptations can occur in either the accessory genome, or
from mutations in the core genome, the phylogeny of strains does not take into question
the prior influence of niche. Our comparison of strains between two broad niches enabled
us to understand how the evolved differences of niche-specific selection contribute to
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adaptation of a novel environment. We found that in SCFM environmental and clinical
strains differ significantly in the evolution of certain pathoadaptive traits including H2O2
resistance, pigment production, and swimming, and there is slight evidence that they
differ overall in their fitness gains. On average, environmental strains were less adapted
to SCFM than their clinical counterparts, and required different phenotypic alterations.
Noteworthy however was that this is not true for all strains. The results from two
environmental isolates suggest that prior niche-specialized adaptations allow some strains
to more readily transition between environments.

2.0 The Adaptive Landscape of SCFM: A Hypothesis
Given our results implicating both niche and genetic background in the fitness
gains of P. aeruginosa to SCFM, we can start to hypothesize the underlying fitness
landscape of adaptation to SCFM. In regards to the phylogenetic inference in the
evolution of traits and fitness, it appears that closely related genotypes have similar
capacities to adapt than distantly related genotypes. Variations in fitness leaps also
suggest that strains are initially situated at variable distances from an adaptive peak, and
that most environmental strains lie further from a peak than the clinical strains they are
closely related to. Important to note here, is that not all environmental strains sit further
from a peak than all clinical strains, but within those closely related clades,
environmental strains tend to be more maladapted.
Whether the landscape is smooth or rough can only be determined from the
endpoint state of the evolved isolates, which was not the focus of this study. However,
our PCA analysis suggests that all strains, regardless of environmental or clinical origin
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are converging on a similar region of multivariate trait space. This finding is consistent
with a single adaptive peak in SCFM.

3.0 A Single Strain is not the Whole Story
A notable outcome of this study is the wide range of diversity of both ancestral
traits, and patterns of evolution in the 18 investigated P. aeruginosa strains. This
incredible diversity indicates the two standard laboratory strains of P. aeruginosa may
not be representative of the species as a whole. The investigation of a multitude of strains
may be required to draw broad conclusions regarding its involvement in infectious
disease. We hope that this study will bring about the inclusion of multiple strains from a
variety of niches into further studies that assess the adaptation of P. aeruginosa.

4.0 Implications for CF Lung Infections
The outcomes of this study have major implications for the lung infections of
people with CF. Importantly the findings are a confirmation that patients with CF should
never be in contact: our results suggest that clinical strains are generally better adapted to
life in the lung and can readily switch between lung-like environments without requiring
extensive adaptive leaps and pathoadaptive changes. Secondly, it is hope that infection
may not be inevitable. The variation in adaptive leaps necessary for different strains is
evidence of this. Particular genotypes may be readily eradicated before undergoing those
major phenotypic alterations required for persistence. Therefore our findings are a
verification that newborn screening for CF should be maintained and supported, so that
early antibiotic therapy can help prevent the adaptive leaps required by less pre-adapted
genotypes. Lastly, the results of the study are evidence that patient treatment should be
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specific, and infecting strains should be genotyped. The profound diversity in P.
aeruginosa, and patient heterogeneity in CF, is support that treatments should be tailored
to the specified bacterial genotype/environment lung combination of each patient.
In addition to validating current practices and suggestions for direct clinical
implications, outcomes from this study can allow us to begin to explore the answers to
questions such as “which genotypes are primed for infection?” and “do these high
infectivity genotypes cluster to particular niches?”. We can start to discover targets of
drug therapy in genotypes of high infection potential, to prevent their early colonization
of the lung. We can also start to identify niches that harbour high infectivity genotypes, to
inform better prevention measures from these environments. With P. aeruginosa the
number one threat to the life of CF individuals, any measures taken to inform better
infection prevention guidelines and early treatment options are significant, and positive
steps.
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Appendices
A

Niche comparisons excluding En Jp119 and En Jp129

Figure A1. Independent contrasts analysis directly comparing environmental and clinical strains,
based on a phylogeny that excludes environmental strains En Jp119 and En Jp129. A
correlational analysis of ∆fitness and niche also revealed a significant difference between the two
niches (r = 0.28, logBF > 3.06)
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Figure A2. Phylogenetic tree excluding test strains PaO1, Pa14; and environmental
strains En Jp119, En Jp129. Independent contrasts directly comparing environmental and
clinical strains are labeled A-E.
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Figure A3. pGLS analysis comparing fitness changes between niches, that exclude
environmental strains En Jp119, En Jp129. p = 0.22, lambda = 0.44, intercept = 0.25
slope = 0.14 (0.11), n=54.
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B

Mini literature review of Pa14 and PaO1

Table B1. The ratios of Pa14 and PaO1 in their ancestral trait values across studies that
have previously investigated both strains in conjunction.
Trait
Pyocyanin

Twitching

Swimming

Biofilm

Tobra

Cipro

Finding
Author
Ratio
Relativity
Author
Ratio
Relativity
Author
Ratio
Relativity
Author
Ratio
Relativity
Author
Ratio
Relativity
Author
Ratio
Relativity

Our Result
Filipow
1:2.4
Pa14<PaO1
Filipow
1:3
Pa14<PaO1
Filipow
1.74:1
Pa14>PaO1
Filipow
1:2.7
Pa14<PaO1
Filipow
3:1
Pa14>PaO1
Filipow
2:1
Pa14>PaO1

Literature
Dietrich
10:1
Pa14>PaO1
Winstanley
1:1.86
Pa14<PaO1
Head
0.8:1.0
Pa14<PAO1
Head
Pa14<PaO1
Fernández
1:1
Pa14:PaO1
Fernández
1:1
Pa14:PaO1

Head
26:1
Pa14>PaO1
Kukavica-Ibrulj
Pa14=PaO1
Kukavica-Ibrulj
1:0.91
Pa14>PaO1
Wozniak
1:1
Pa14:PaO1
Wozniak
1:5
Pa14<PaO1

Kukavica-Ibrulj
Pa14=PaO1
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