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ABSTRACT

ECOLOGICAL AND EVOLUTIONARY CONSEQUENCES OF EXOMETABOLITES FOR MICROBIAL
INTERACTIONS

By
John Luke Chodkowski

Interspecies interactions have fundamental roles in shaping microbial communities.
Microbial community members can produce and release a diverse set of extracellular small
molecules, collectively referred to as exometabolites. Interspecies interactions that result from
exometabolites can alter the response and behaviors of microbial community members. This
dissertation work demonstrates the establishment of a synthetic community system that
facilitates the study of exometabolite-mediated interspecies interactions. This system was then
used to understand the consequences of exometabolite-mediated interactions in a 3-member
synthetic microbial community over stationary phase using a multi-omics approach. Lastly, an
experimental evolution showed the consequences of long-term exometabolite interspecies
interactions on the evolution of antibiotic resistance. This work advances knowledge on the
dynamic response and behaviors of microbial community members’ during non-growth states.
This work also demonstrates how bacterial-bacterial interactions in a simple environment can

lead to the emergence of antibiotic resistance.
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CHAPTER 1 : Introduction



Overview

Microbes have numerous mechanisms to interact with surrounding neighbors (1). These
interactions affect the functioning of microbial communities and ultimately, ecosystem
processes. Extracellular chemical exchange is one method by which microbial interactions is
facilitated. The production and release of these extracellular small molecules is referred to
as the study of exometabolites (2). Exometabolites include both primary and secondary
metabolites that are produced in response to the surrounding environment (4).
Intra/Interspecies exometabolite exchanges result in ecological engagements that range from
cooperative to competitive interactions (4). With technological advances in metabolite
characterization, we are now capable of characterizing hundreds of metabolites from
environments of interest (5). This has enabled researchers to study exometabolites in more
complex environments and identify potentially novel compounds. Despite the development of
new technologies for chemical characterization, we still lack simplistic experimental systems to
study exometabolite-mediated interactions. In addition, knowledge gaps exist
characterizing exometabolite production under physiologically relevant conditions and
how exometabolite-mediated interaction alter population-level behaviors in a community
setting. Lastly, limited knowledge is known in regard to the impact of exometabolite
interactions on evolutionary outcomes. This dissertation established a new synthetic system to
study exometabolite-mediated interactions. After establishment, the study system was then
used to observe population-level and community outcomes resulting

from exometabolite interactions. This was performed as a longitudinal study on ecological



timescales over the course of stationary phase. Finally, the evolutionary consequences of long-

term exometabolite interactions was examined with implications for antibiotic resistance.

Classes of exometabolites and the interaction types they facilitate

Two broad classes of exometabolites exist- primary and secondary metabolites. Primary
metabolites are directly involved in central metabolism. Thus, they are required for cell survival
(see section below). Secondary metabolites, on the other hand, are not required for survival
but aid in the survival of a microorganism through interactions with the surrounding
environment. Primary metabolites are produced during exponential phase growth, when
resources are converted to biomass production. As carrying capacity of a population is
reached, due to nutrient exhaustion/inaccessibility or through waste product
accumulation, microbial populations enter stationary phase. During this phase, molecules from
primary metabolism are used as substrates to produce secondary metabolites. The enzymes
responsible for the formation of secondary metabolites are organized as a cluster of genes
referred to as a biosynthetic gene cluster (BSGC) (6). Aside from enzymes involved in the
formation of a secondary metabolite, these clusters will also contain genes involved in molecule
transport, regulation, and resistance genes such that a molecule does not become self-
damaging. Once released into the environment, the collection of exometabolites can facilitate a
range of interaction outcomes. Microbes can engage in various types of interactions. These

interaction types are outlined in Table 1.1 and described, below.



Table 1.1. Types of microbial interactions and exometabolites that facilitate them.

Ecological interaction

Effect on microbe 1

Effect on microbe 2

Exometabolite example

Mutualism Beneficial Beneficial Nodulation factors

Synergism Beneficial Beneficial Acyl homoserine
lactones

Commensalism Unaffected Beneficial SCFA

Predation Harmful Beneficial H,0;

Amensalism Unaffected Harmful Lactic acid

Competition Beneficial/Harmful  |Harmful Antibiotics/Siderophores




Mutualism

Both members benefit from a mutualistic interaction and the presence of
each member is necessary for their individual survival. A seminal example of this
involves exometabolites that mediate cross-kingdom interactions. Legumes release flavonoids
as root exudates. In response to the flavonoids, rhizobia secrete lipo-
chitooligosaccharide exometabolites referred to as Nod factors. The mutual exchange of
these exometabolites allow for successful root nodulation and the establishment of a plant-
microbe symbiosis (7). Additional exometabolite exchanges are proposed between plants and

their root microbiome (8).

Synergism

As with mutualism, both members benefit from the interaction but partner presence is
not required for survival. Another classic example of exometabolite-mediated symbiosis
involves the Hawaiian bobtail squid, Euprymna scolopes and Aliivibrio fischeri. A. fishceri is
provided a nutrient-rich niche in the squid’s light organ. In return, the population of A. fishceri
creates a counter-illumination camouflage for the squid at night to protect it from predation
(9). This anti-predation mechanism is achieved through A. fishceri bioluminescence via
population-dependent quorum sensing. Acyl homoserine lactones (AHLs) serve as the

exometabolite to active bioluminescence genes in A. fishceri (10).

Commensalism

Commensalism creates a benefit for one member while the other member, typically

the exometabolite producer, is unaffected. In the developing infant gut, the establishment of



beneficial microbiota in early life is essential to the long-term health outcomes (11,12). Two
species found in the infant gut include Bifidobacterium longum subsp. infantis and Anaerostipes
caccae. B. infantis is able to metabolize carbohydrate sources provided in breast milk, such

as human milk oligosaccharides (HMOs). A. caccae cannot grow on HMOs but can grow in co-
culture with B. infantis. B. infantis facilitates A. caccae growth from short-chain fatty acid
production (e.g. acetate and formate), produced as an exometabolite by-product of HMO
fermentation (13). Commensalism can be found in most environments with complex carbon

sources that create a trophic cascade of cross-feeding interactions (14-16).

Predation

Predation occurs when waste products from one microbe are metabolized by another
microbe that in turn, creates an inhibitory exometabolite against the first microbe. This type of
interaction is highlighted in the oral cavity. Streptococcus mutans, the microbe responsible for
dental caries, produces lactate as a waste product from fermentable sugars scavenged from the
host diet. Streptococcus oligofermentans converts S. mutans-produced lactate to hydrogen

peroxide through the activity of lactate oxidase, resulting in the inhibition of S. mutans (17).

Amensalism

In amensalism, one microbe is harmed while the other, usually the producer of the
exometabolite, is unaffected. Amensalism is commonly observed in scenarios involving
fermentation. For example, the simultaneous production of lactic and lactobionic acids by

Lactobacillus casei and Pseudomonas taetrolens, respectively, was studied for its industrial



potential to produce a synbiotic. When these microbes were co-cultured in residual cheese
whey, it was observed that P. taetrolens was inhibited. Fermentation by-products, such as lactic
acid, accumulated as an exometabolite to the extent that it prohibited P. taetrolens growth.

The overall growth of L. casei and production of lactic acid was unaffected (18).

Competition

Competition can be beneficial to one microbe and harmful to the other or both
microbes can be harmed by the interaction. In addition, two types of competition exist,
exploitative and interference competition. In the former, exometabolites are released to
scavenge resources from the environment and reduce resources to the opposing microbe. The
production of siderophores represent an exometabolite that results in exploitative competition
for iron (19). At one extreme, strain-specific siderophores and transport systems diverge
within strains of the same species, creating exclusive, isogenic scavenging mechanisms (20). On
the other hand, the siderophore producer may be at a competitive disadvantage if other
microbes retain the transport mechanisms for siderophore production without the ability to
produce the siderophore (21). Siderophore production also results in interspecies interactions,
where the competitive depletion of iron can result in alterations in colony morphology (22).

In interference competition, microbes produce exometabolites that directly harm their
neighbor. This is generally the case for the bioactivity associated with antibiotics (23). The
competition sensing hypothesis suggests antibiotic production is closely tied to stressors
associated with ecological competition. In other words, the stress regulatory networks

that sense nutrient depletion and cell damage are commonly tied to antibiotic production while



this correlation is not observed with abiotic stressors such as heat and osmotic

stress (24). Responding to biotic stressors through antibiotic production does not always
guarantee success. For example, an antibiotic-receiver microbe may incur damage from

a microbe initiates competition via antibiotic production. The receiver microbe can respond via
upregulation of BSGCs but will be at a disadvantage if the BSGC repertoire possessed by

the antibiotic-receiver does contain a bioactive molecule against the initiator. The antibiotic-
initiator in this scenario benefits by expanding spatial growth and resource acquisition as a
result of the growth detriment and/or lysis of the antibiotic-receiver. Competition can also
result in mutual destruction. In response to damage from bacteriocins, closely related strains
respond with a bacteriocin counter-attack to also inhibit their neighbor (25). The discovery of
biosynthetic gene clusters and antibiotic resistance mechanisms in pristine environments
provides credence to the importance of competition in the eco-evolutionary trajectories of

microbial communities (26,27).

Other notable exometabolites that do not fulfill a specific ecological interaction

While most of the aforementioned exometabolites appear to serve a particular
ecological engagement, other exometabolites have displayed a variety of bioactive versatility.
One notable example are (cyclo)dipeptides. These are non-ribosomal peptides synthesized by
either cyclodipeptides synthases (CDPSs) and non-ribosomal peptide synthetases (28).

These exometabolites exhibit broad bioactivities relating to chemotactic responses (29),
guorum-sensing (30), antimicrobial (31), anti-biofim (32), and cross-kingdom signaling for plant

growth promotion (33). Dipeptides display a wide diversity of chemical structures



but diverse bioactivities are still observed from a single cyclodipeptide (e.g. qguorum-sensing
and cross kingdom signaling). The prospect of other exometabolite classes displaying various
bioactivities is in the realm of possibility. It is likely that bioactivities may be better understood
if microbes are studied in settings that best replicate their natural environment (34).
Furthermore, bioprospecting natural environments is revealing the dearth of

untapped biosynthetic potential of microbes (35). Advances in sequencing, isolation methods,

and chemical characterization will expand the exometabolite field.

Methods for exometabolite characterization

Mass spectrometry (MS)

Mass spectrometry is an analytical technique used to measure the mass-to-charge ratio
(m/z) of ions, representing a collection of compounds in a sample. The m/z can be used to
determine the molecular weight of compounds and the quantity of these compounds. In
addition, compounds fragmentation in MS can allow one to determine the structure of
unknown compounds. There are three components to a mass spectrometer: 1) lonization
source 2) Mass analyzer 3) lon detection system. For purposes of simplicity, work in this
dissertation used mass spectrometer with electrospray ionization (ESI) and orbitrap technology.
This will be described, below. See reviews for information on the array of ionization methods,
mass analyzers, and detection systems used in mass spectrometry (36, 37, 38).

During electrospray ionization, charged ions in liquid phase are placed under high
voltage to create an aerosol. The ions originally present in the solution enter in gas phase

through solvent evaporation. lons then enter the orbitrap, which functions as both a mass



analyzer and a detector. The orbitrap is composed of three parts: an inner spindle electrode
and two concave outer electrodes. A linear electric field is created by placing a voltage potential
between the inner and outer electrodes. lons enter the orbitrap tangential to the inner
electrode and at a particular potential, the ions will continuously spin around the inner
electrode. The conical shape of the electrodes induces a harmonic axial oscillation of the ions.
This oscillation is detected by the outer electrodes and a Fourier transform is used to convert
this signal from a time domain to a frequency domain to obtain a mass spectrum. This displays
the signal intensity of detected ions as a function of the mass-to-charge ratio (m/z), providing
the relative abundance of compounds analyzed. The axial harmonic frequencies are
proportional to the m/z of the ions (37). Chromatographic techniques can be performed prior
to MS in order to provide better resolution of a complex mixture of compounds.

Liquid chromatography-MS (LC-MS): This is the most common method used for the
analysis of samples containing a diversity of exometabolites. In LC-MS, metabolites are
separated based on their affinity to a stationary column. Column choice reflects the types of
exometabolites one want to observe. A C-18 or HILIC column can be used to separate and
analyze nonpolar and polar exometabolites, respectively. The mobile phase containing
separated exometabolites and then enters the mass spectrometer.

Gas chromatography-MS (GC-MS): Similar to LC-MS, GC-MS
will separate exometabolites based on affinity to a stationary column. However, the
stationary phase is coated on a hollow silica capillary column and the mobile phase contains a

gas. Exometabolites analyzed in a GC-MS must have a low boiling point. In order to achieve this
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range for analysis, exometabolites (e.g. sugar) will be derivatized prior to injection on the GC.
Separated molecules will be analyzed on a mass spectrometer.

Capillary electrophoresis-MS (CE-MS): Exometabolites are separated based
on electrophoretic mobility. High voltages are applied to separate ionic species. The size and
charge of the exometabolite determines its retention time through the capillary. CE-MS
provides a higher separation efficiency compared to LC or GC-MS but is highly sensitive to pH

changes.

Imaging techniques

The previously mentioned techniques require considerable sample deconstruction to
analyze the exometabolite profile. Destructive methods such as sample processing, solvent
extraction, and chemical derivatization homogenizes the sample and hinders the possibility of
both longitudinal and spatial exometabolite analysis. Imaging techniques allow for minimal
sample processing in order to capture temporal and spatial resolution of exometabolite
production. There are three methods for obtaining exometabolite ionization- desorption
electrospray ionization (DESI), Matrix-assisted laser desorption/ionization (MALDI), and
secondary ion mass spectrometry (SIMS). DESI uses a charged solvent to extract ions from the
sample of interest. In MALDI, the sample is coated in a matrix and a laser beam is directed at
the sample to generate ions. SIMS uses an ion beam bombardment on the surface of the
sample, resulting in the generation of secondary ions. In all these techniques, the resulting ions

are typically coupled to a mass spectrometer for exometabolite characterization (39).
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Nuclear Magnetic Resonance (NMR) Spectroscopy

The principle of NMR is to use the magnetic properties of atomic nuclei to characterize
compounds of interest (40). Atoms such as *H, 13C, and 3!P are NMR active, but 'H is most
commonly for metabolomic studies. The sample is typically dissolved in a deuterated solvent,
such as deuterated chloroform (CDCls), to minimize signal coming from the solvent. The sample
is placed in a strong magnetic field which will cause nuclei to precess about the direction of the
magnetic field (z-plane). Then, a short radio frequency (RF) pulse is applied perpendicular to the
magnetic field, flipping the nuclei into in excited state in the xy-plane. The relaxation of the
nuclei after the RF pulse releases energy as an exponentially decaying sine wave as the nuclei
realign with the original magnetic field. This observed decay pattern is referred to as free-
induction decay (FID). Nuclei in a compound will display different FIDs depending on the
electron density in their chemical environment. A Fourier transform can convert the time
domain data captured by the FID to a frequency domain. An NMR spectrum is then formed by
plotting frequency against signal intensity. Thus, each compound will have unique NMR spectra
that allows one to identify exometabolites in a sample. Simple sample preparation and fast

analysis time make NMR a suitable choice for metabolomics experiments (41).

Approaches for studying exometabolite interactions in synthetic communities

Synthetic microbial communities are laboratory-scale assemblages of cultivable
microbial isolates. This approach has become a suitable method to test and understand
underlying principles of microbial community ecology (42). Prior to contemporary advances in

sequencing methods and analytical techniques, microbiology was predominantly performed
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with monocultures. With the advent of next-generation sequencing, it became possible to
obtain the abundance and functional potential of environmental microbial communities (43).
With respect to microbial ecology, synthetic communities allow for one to bridge the gap
between the simplicity of monoculture experiments and the complication of deciphering the
complexity of wild microbial communities. And now, with the innovations of -omics
technologies, we have vastly expanded our abilities to understand causes and consequences for
microbial interactions (44).

Systems for studying synthetic microbial communities are expanding. The underlying
principle of these systems is that they are controllable and scalable. This allows a researcher to
study select microbial isolates to disentangle how their interactions drive community dynamics
and ultimately, their functions (45). Several synthetic systems of note have been deployed for
use in the synthetic microbial ecology. In its simplest, yet effective form, individual wells of a
96-well plate can be mixed with different microbial isolates. Using this system, an ecological
model was fit from temporal population dynamic data to conclude that pairwise interactions
are major drivers of multi-species community dynamics (46). Unique systems, such as the kChip,
have been purposely designed for rapid, massively parallel construction of synthetic
communities. Their droplet platform enables combinatorial screening of ~10° synthetic
microbial communities in a day (47). Bottom-up approaches facilitate causative associations
between microbe-microbe interactions and their functional outcomes.

Unlike bottom-up approaches, top-down approaches can be used to study community
assembly processes from native samples. Here, synthetic environments are created to observe

how the environment affects community dynamics. For example, marine samples were
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collected by Enke and colleagues to observe community succession dynamics on model
polysaccharide particles (48). Enke and colleagues observed that marine microbial communities
on model polysaccharide particles are organized in a simple trophic structure, from narrow-
range degraders to broad-range consumers. Metabolic cross-feeding drives community
successional dynamics, regardless of initial substrate. Importantly, these dynamics were
different from the surrounding seawater, suggesting assembly processes were unique to the
particle environment and the biotic interactions that emerged therein. Another top-down
approach observed that microbial community structure converged at the family taxonomic
level when provided single carbon sources, regardless of environmental origin (e.g. soil samples
and plant leaf surfaces, 49). Ultimately, this reflected functional redundancy that was
conserved at the family level. Informed from their initial top-down experiments, these
researchers then assembled a bottom-up synthetic community to uncover how these species
stably coexisted through metabolic cross-feeding of isolate secretions. Thus, both top-down
and bottom-up are useful for uncovering broad assembly patterns and providing causation to
observed phenomena, respectively.

Microbial communities can interact in a myriad of ways (1). Broadly, these interactions
can be categorized as contact-dependent and contact-independent. The aforementioned
synthetic community studies were not able to disentangle the contributions of these
interactions methods to their experimental results. Therefore, additional study systems are also
needed that focus on an interaction type of interest, such as those facilitated by
exometabolites. One method to achieve this is using agar plates. Different isolates are spotted

on agar in close vicinity such that colonies are physically separated but exometabolite
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interactions are permitted. Imaging mass spectrometry can be used to understand

the exometabolite exchanges at the interaction interface (50). A disadvantage of this approach
is that it is low throughput and limited to a few interacting species. Alternatively, filters can be
used in liquid medium to achieve the same purpose of only permitting exometabolite
interactions. One such design created a co-culture plate to study pairwise interactions. Two
chambers are separated by a semi-permeable membrane that allow for the diffusion

of exometabolites between the chambers. The current design achieves 8 individual coculture
chambers contained within the same dimensions as a 96-well plate. Blank and colleagues
performed a proof of principle experiments coculturing P. aeruginosa and Burkholderia
cenocepacia to show that B. cenocepacia is negatively impacted by the presence of P.
aeruginosa (51). However, their system may be limited in terms of scalability (e.g. number of
interacting isolates), and post-processing to obtain exometabolites. Thus, a simple synthetic
community system that is scalable and minimizes post-processing efforts would be useful for
research concerning how exometabolite interactions impact isolate behaviors and community

functional dynamics.

Studying synthetic microbial communities under environmentally relevant lifestyles

Microbial molecular mechanisms and behavioral responses to stimuli have been largely
studied in model organisms with exponentially growing populations. While these findings are
essential to advance our understanding of microbial phenomena, microbes in particular
environments exist in predominantly non-growth states. Thus, studying microbes in

physiological states other than exponential phase may have more relevance to translating
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laboratory findings to behaviors in the environment. For example, there are numerous
examples of non-growth states such as stationary phase, long-term stationary phase (GASP
phenotype), oxygen limitation, viable but non-culturable (VNBC), and persisters. Stationary
phase is of interest for its common observance after exponential population growth. Details on
other non-growth states are discussed in a review by Bergkessel and colleagues (52).

Stationary phase is a population-level phenomena following exponential phase growth
where the carrying capacity is reached and the population abundance is relatively stable. The
onset of stationary phase can result from a variety of factors such as nutrient depletion,
nutrient inaccessibility, or feedback inhibition by metabolic waste products (53). Environments
where stationary phase is the predominant lifestyle include soils (54), the human gut (55), and
sequencing batch reactors (56). In these environments, prolonged periods starvation is
punctuated with short bursts of nutrients. Thus, microbial populations in these environments
predominantly exists in a stationary state.

Various molecular and physiological alterations occur at the onset of stationary phase.
One major molecular alteration is the increase in sigma factor RpoS (038), otherwise known as
the stationary phase sigma factor (53). This sigma factor makes cells more adaptable and
resistant to stressful conditions, such as nutrient stress. Another notable stationary phase
protein is the leucine-responsive regulatory protein (Lrp). This acts as a global transcriptional
regulator whose production is negatively correlated to growth rate (53). In Escherichia coli, it
was found that ~75% of stationary phase induced genes were influenced by Lrp (57). These
transcriptional alterations result in subsequent physiological alterations- the peptidoglycan

layer increases in thickness, nucleoid condensation occurs for the protection of DNA, the
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periplasmic space expands while the cytoplasmic space is condensed, overall protein synthesis
decreases due to 100S hibernating ribosome via the dimerization of 70S subunits, truncated
MRNA and deacylated tRNA accumulate, and cells become more spherical (58). Overall,
coordinated transcriptional and translational events in stationary phase increase the
survivability of microbial populations in a non-growth state by altering metabolism and the
formation of stress-resistant cells (52).

Despite the tendency of stationary populations to shift towards stress-resistance and
survival, these populations are still active. In fact, after entry into stationary phase, prolonged
protein production in E. coli is maintained after several days (59). Alterations in metabolic
activity are also associated with stationary phase. Energetically costly biomass metabolites
were shown to accumulate in E. coli upon the induction of stationary phase by carbon-
starvation (60). In line with this idea of metabolic alterations, bioactive metabolites, such as
secondary metabolites, tend to be produced in stationary phase (53). An interesting concept,
referred to as the competition sensing hypothesis, posits that bacterial transcriptional networks
have evolved to sense and respond to ecological competition. This is evidenced by the fact that
antibiotic production is linked to bacterial stress responses such as nutrient limitation and
envelope damage (24). Thus, characterizing the exometabolomics response of microbes during
stationary phase can unravel the nature dynamic interaction that can occur during periods of

growth arrest.

Combining —omics to understand consequences for exometabolite interactions
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The five major fields of -omics are genomics (61), transcriptomics (62), proteomics (63),
metabolomics (64), and epigenomics (65). Each of these techniques provides a different view of
the biological system in question. Combined with longitudinal studies, systems biology is
moving toward being able to monitor, model, and predict the dynamics of complex biological
systems (66). Furthermore, multiple studies are now integrating -omics to generate more
translatable biological knowledge from their studies (67,68). Thus, multi-omics integration

studies are a promising tool for the interpretation of biological systems (69,70).

Experimental evolution driven by microbial interactions

Experimental evolution has been instrumental for novel insights into evolutionary
processes (71). Adaptive evolution experiments (72), in particular, can be beneficial to the study
of the consequences of evolution via natural selection (e.g. antibiotic resistance). While much
emphasis has been placed on the emergence of antibiotic resistance in clinical settings (73),
bacteria in the environment display diverse antibiotic resistance mechanisms (74) resulting
from bacterial warfare capabilities (75). Therefore, studying interspecies microbial interactions
may provide insights into the coevolutionary processes shaping antibiotic resistance and

antibiotic production.

Summary and aims
This dissertation aims to better understand the consequences of exometabolite interactions for
microbial interactions at both ecological and evolutionary time scales. In Chapter 2, a new synthetic

community system was established that facilitates experiments in Chapters 3 and 4. The new synthetic
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community system is a 96-transwell plate where each well is fitted with a 0.22 uM filter bottom and a
medium reservoir is fitted below the well plate. This physically separates cell populations but facilitates
exometabolite-mediated interactions. The transwell systems is used in Chapter 3 to understand the
transcriptomic and exometabolite dynamics of 3 microbial environmental strains in monocultures over
stationary phase. In Chapter 4, these microbial environmental strains were then placed in each pairwise
combination and in a 3-member synthetic community to understand the transcriptomic and
metabolomic responses to interspecies interactions over stationary phase. In Chapter 5, bacterial strains
were coevolved on agar plates at a distance that allowed for exometabolite interactions to occur.
Genomics was used to uncover the genetic signatures to antibiotic resistance. Overall, this work
advances knowledge on the dynamic interactions that can occur in microbial communities during

periods of non-growth and the evolutionary repercussions to exometabolite-exchange.
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CHAPTER 2 : A Synthetic Community System for Probing Microbial Interactions Driven by
Exometabolites

Work presented in this chapter has been published as Chodkowski JL, Shade A. 2017. A
Synthetic Community System for Probing Microbial Interactions Driven by Exometabolites.
mSystems 2:€00129-17.
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Abstract

Though most microorganisms live within a community, we have modest knowledge
about microbial interactions and their implications for community properties and ecosystem
functions. To advance understanding of microbial interactions, we describe a straightforward
synthetic community system that can be used to interrogate exometabolite interactions among
microorganisms. The filter plate system (also known as the Transwell system) physically
separates microbial populations, but allows for chemical interactions via a shared medium
reservoir. Exometabolites, including small molecules, extracellular enzymes, and antibiotics, are
assayed from the reservoir using sensitive mass spectrometry. Community member outcomes,
such as growth, productivity, and gene regulation, can be determined using flow cytometry,
biomass measurements, and transcript analyses, respectively. The synthetic community design
allows for determination of the consequences of microbiome diversity for emergent
community properties and for functional changes over time or after perturbation. Because it is
versatile, scalable, and accessible, this synthetic community system has the potential to
practically advance knowledge of microbial interactions that occur within both natural and

artificial communities.

Introduction

There is modest knowledge about how microorganisms interact with each other in their
native habitats and whether these microbial interactions have implications for emergent

community or ecosystem properties. Microorganisms can communicate chemically, and these
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chemical interactions underlay a range of relationships from commensalism to antagonism (24,
76, 77). Because of the specificity of many microbe-microbe relationships, it is thought that
most microorganisms produce certain chemical products only within a particular consortium
(42, 45, 76, 78, 79). However, understanding of relatively well-described microbial interactions
often is incomplete. For example, sensitive mass spectrometry was employed to discover new
components of an interaction between Bacillus subtilis and Streptomyces coelicolor (45), which
suggested that knowledge of this interaction was limited despite having been studied
previously. Investigations of microbial exometabolite production have been predominantly
focused on the analysis of a single taxon or pairs (80—82) of microbial taxa rather than on
multimember profiling (83). However, the collective abilities of microbiomes to produce and
exploit extracellular enzymes have been hypothesized to be key in discriminating situations in
which microbial community structure has implications for ecosystem processes like carbon and
nitrogen cycling (84, 85). These studies and others suggest that most microbial interactions
remain obscure and that improved understanding of some of these interactions likely will

provide important insights into microbial community functions.

Synthetic microbial systems recently have garnered reinvigorated interest because of
their potential to address fundamental unknowns in microbial ecology, engineering, and
systems and synthetic biology (42, 45, 86). Synthetic microbial systems are a key approach used
in microbial ecology to understand how microbial interactions lead to emergent properties of
communities, such as resistance and resilience (45). For example, synthetic communities have
been assembled from marine waters onto artificial particles to observe community primary

succession and the resulting functional changes in model heterotrophic particles (87) and
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phototrophic biofilms (88), spatially constrained synthetic communities have been used to
investigate reciprocal syntrophy (89), and computationally modeled synthetic communities
have been applied to predict coculture growth given the metabolic needs of the members (90).
Other recent work used a combination of metabolic flux analysis and multimember coculture to
determine that the net outcome of complex interactions between an antagonist and a syntroph
was not necessarily the sum of all expected pairwise outcomes, especially given particular
spatial arrangements of the members (91). Other synthetic microbial systems are engineered to
control and manipulate genetic circuitry toward required functions (92). These studies and
others demonstrate that synthetic microbial communities can be applied in diverse and
creative ways to provide insights into the dynamic biological and ecological interactions of
microbiomes (93, 94), with the anticipation that these insights then can be applied to manage

these communities toward desired outcomes.

We have developed a simple synthetic community system to interrogate exometabolite
interactions among microbial community members. This synthetic community system permits
direct investigation of chemical interactions among microorganisms via secondary metabolites,
signaling molecules, and other exometabolites and allows for observation of behaviors that
only occur when those microorganisms exist as part of a particular consortium. This system
combines concepts and tools from systems biology, microbiology, biochemistry, genomics, and
ecology and can provide both top-down and bottom-up approaches to investigate key
guestions in synthetic microbial ecology (45). Thus, it can advance understanding of microbial
interactions within diverse natural and artificial microbiomes. It can also facilitate discovery of

novel microbial products that are made given certain community memberships.
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Materials and Methods

Filter plate preparation.

To prepare and use the filter plates for experiments, all protocols were performed using
an aseptic technique in a biosafety level 2 cabinet. For the synthetic community experiments,
we used sterile filter plates with 0.22-um-pore polyvinylidene difluoride (PVDF) filter bottoms
(Millipore MAGVS2210). These are also referred to as “Transwell plates” in the tissue culture
literature. Prior to use, filter plates were washed three times with sterile water using a vacuum
apparatus (NucleoVac 96 vacuum manifold; Clontech Laboratories). The filter of well H12 was
removed with a sterile pipette tip and tweezer, and 31 ml of medium was added to the

reservoir through well H12. Each well was then filled with 130 pl of culture or medium.

Validation of the synthetic community system by the quorum sensing experiment

We investigated the ability of quorum sensing molecules produced by populations
arrayed in some wells to be sensed by nonproducing but receptive populations in other wells.
Cv017 and Cv026 (Table 2.1) were inoculated in half-concentration Trypticase soy broth (TSB50)
from overnight growth on half-concentration Trypticase soy agar (TSA50) in 3 replicate plates
and grown at 29°C for 10 h. Cv017 was diluted to an optical density at 600 nm (ODeoo) of 0.2,
and Cv026 was diluted to an ODeoo of 0.075. Dilutions were either inoculated into test tubes
(monoculture control growth) or a filter plate containing TSB50. Wells from columns 1 to 4
were inoculated with 130 pl/well Cv017 culture, columns 5 to 8 were inoculated with 130
ul/well fresh TSB50, and columns 9 to 12 were inoculated with 130 pl/well Cv026 culture.

Control cultures in test tubes were incubated at 29°C at 200 rpm (model 4353; Thermo

24



Scientific). After 16 h, cultures were flash-frozen in liquid nitrogen and stored at —-80°C. Filter
plates were incubated at 29°C with gentle shaking (0.32 relative centrifugal force [rcf]) for 26 h.
After 26 h, 10 pl from 5 wells containing Cv026 and 10 pl from the shared medium reservoir
were serially diluted (10™) and plated on TSA50 for 24 h at 29°C. The remaining Cv026-

innoculated wells were pooled, flash-frozen in liquid nitrogen, and stored at -80°C.

Genomic DNA (gDNA) was used as a positive control in RT-PCR experiments. An
overnight culture of Cv017 was grown in TSB50 at 29°C. Genomic DNA was isolated using the
EZNA bacterial DNA kit (Omega Bio-Tek, Norcross, GA). We extracted RNA from the Cv017-
Cv026 filter plate coculture experiment and from both test tube controls. RNA was isolated
using the EZNA bacterial RNA kit (Omega Bio-Tek) according to the manufacturer’s instructions
and treated with RNase-free DNase (Qiagen). Purity of RNA was analyzed on a NanoDrop
spectrophotometer using a 260/280 absorbance ratio and quantified using Qubit 2.0 (Life

Technologies, Inc.).

Primers for vioC and rpoB were designed with Primer3 v.0.4.0 (116) using C.
violaceum reference sequences from NCBI's GenBank (Appendix A Table 2). To confirm that the
amplicon products were as expected, vioC and rpoB bands were excised from an agarose gel
and purified using the Wizard SV gel and PCR clean-up system (Promega). Sanger sequencing
was performed on the purified bands at the Michigan State Genomics Core using the forward

and reverse primers from vioC_Cv and rpoB_Cv.

PCR was performed on extracted RNA to ensure proper DNase treatment using

the vioC_Cv primers. Fifty nanograms of RNA from each sample was added to GoTaq Green 2x
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master mix (containing buffer and enzyme; Promega), 0.5 uM forward and reverse primers, and
nuclease-free water in a total volume of 25 pl/reaction. Thirty nanograms of Cv017 gDNA was
used as a positive control and nuclease-free water as a negative PCR control. PCR conditions
were as follows: 95°C for 5 min, 95°C for 15 s, 56°C for 15 s, and 72°C for 25 s, repeated 29
times from step 2, followed by 72°C for 10 min and hold at 7.4°C. Five microliters of each PCR
product was run on 1% agarose gel containing 0.5x Tris-borate with EDTA (TBE) and ethidium
bromide with a 100-bp DNA ladder (New England Biolabs). Electrophoresis was run for 50 min

at 100 V. Gels were visualized by UV illumination.

Reverse transcription (RT) was performed using a Thermo Fisher Scientific high-capacity
cDNA RT kit for both vioC and rpoB genes according to the manufacturer’s instructions. Each RT
reaction mixture contained ~1,500 ng template RNA, 0.625 uM reverse primer (Appendix A
Table 2), 4 mM deoxynucleoside triphosphates (dNTPs), MultiScribe murine leukemia virus
(MuLV) reverse transcriptase (50 U; Applied Biosystems), 1x RT buffer, and nuclease-free water
in a total volume of 20 pl/reaction. An RT negative control was prepared for each primer using
only nuclease-free water instead of template. The RT thermocycler conditions were as follows:
25°C for 10 min, 37°C for 2 h, and 85°C for 5 min, followed by hold at 4°C. cDNA was stored at

-80°C.

Endpoint PCR was performed on cDNA after the reverse transcription reaction for
both vioC and rpoB using the Pfu Turbo DNA polymerase kit (Agilent Technologies). Each
reaction mixture contained 1 ul of RT product, 1x Pfu buffer, 0.2 mM dNTP, 1x Pfu DNA
polymerase, 0.5 uM forward and reverse primers (Appendix A Table 2), and nuclease-free

water in a total volume of 25 pl/reaction. Thirty nanograms of Cv017 gDNA was used as a
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positive control, while a nuclease-free water sample served as a negative PCR control. The RT
reaction without template DNA served as an additional negative control. PCR conditions for
both primer sets were as follows: 95°C for 2 min, 95°C for 30 s, 56°C for 30's, and 72°C for 45 s,
repeated 29 times from step 2, followed by 72°C for 10 min and hold at 4°C. Twenty-five
microliters of each PCR product was mixed with 6x loading dye (New England Biolabs) and run
on 1% agarose gel containing 0.5x Tris-borate with EDTA (TBE) and ethidium bromide with a
100-bp DNA ladder (New England Biolabs). Electrophoresis was run for 50 min at 100 V. Gels

were visualized by UV illumination.

Three-member synthetic community experiments

Experimental setup. Prior to initiating the synthetic community experiments, we
characterized member growth curves to determine their compatibility in our experimental
conditions. To perform the experiments, we diluted overnight cultures to concentrations that
would allow the members to achieve stationary phase within 1 to 2 h of one another. Freezer
stocks of B. thailandensis, C. violaceum, and P. syringae (Table 2.1) were plated on TSA50 at
28°C for 36 h. Isolated colonies were inoculated in 5 ml of M9-0.2% glucose medium and grown
overnight at 28°C with gentle shaking. Overnight cultures of each strain were diluted 1:20 in
fresh M9-glucose medium prior to inoculation in the filter plates (130 pl/well), and the medium
reservoir was filled with 31 ml M9-glucose. Filter plates were prepared as described above. For
each plate, a custom R script (RandomArray.R [see the GitHub repository]) was used to
randomize community member placement in the wells so that each member occupied a total of

31 wells per plate. For each of four replicate time courses (where each time course included
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five points assessed every 5 h over stationary phase), five replicate filter plates were prepared
for destructive sampling. Filter plates were incubated at 28°C with gentle shaking (~0.32 rcf).

The first plate was destructively sampled at 15 h, and each subsequent plate was destructively
sampled every 5 h thereafter until 35 h. Spent medium (~31 ml) from the shared reservoir was

flash-frozen in liquid nitrogen and stored at —80 °C prior to metabolite extraction.

Flow cytometry. Prior to analysis, live/dead gates were established using overnight
cultures grown in in M9-glucose. Fifteen microliters of log-phase cells was placed in either 135
ul Tris-buffered saline (TBS; 20 mM Tris, 0.8% NaCl [pH 7.4]) (live) or 135 ul 70% isopropanol
(dead) and incubated at room temperature for 10 min. Live and dead cells were then diluted an
additional 100-fold (1,000-fold total dilution) and stained with the Thermo Scientific LIVE/DEAD
BacLight bacterial viability kit at final concentrations of 1.5 uM Syto9 (live stain) and 2.5 uM
propidium iodide (dead stain). Two hundred microliters of stained cultures was transferred to a
96-well microtiter U-bottom microplate (Thermo Scientific). Twenty microliters of sample was
analyzed on a BD Accuri C6 flow cytometer (BD Biosciences) at a fluidics rate of 66 pl/min and a
threshold of 500 on an FL2 gate. The instrument contained the following optical filters: FL1-533,
30 nm; FL2-585, 40 nm; and FL3, 670-nm longpass. Data were analyzed using BD Accuri Cé
software version 1.0.264.21 (BD Biosciences). Live/dead gates are provided for each member
(Appendix B Figure 6). Reproducibility in cell counts was assessed using the coefficient of

variation (CV) in R.

After gates were established, we used live/dead staining of cells with flow cytometry to
determine member population size from cells collected at each time point. For each member,

five replicate wells containing spent culture were prepared for flow cytometry analysis. From
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each well, 20 pl of culture was placed in 180 pl TSB. In plate arrangements where P.

syringae was arrayed with B. thailandensis, P. syringae culture was diluted 70-fold in TBS. In
plate arrangements where P. syringae was arrayed in monoculture or in coculture with C.
violaceum, P. syringae was diluted 900-fold in TBS. Diluted cultures were stained and analyzed
as described above. Flow cytometry analyses of both B. thailandensis and C. violaceum were
prepared as described above, except that B. thailandensis was diluted 1,300-fold and C.

violaceum was diluted 1,540-fold before staining.

Metabolite extraction and preparation. To prepare samples for nonpolar mass spectral
analysis, 5-ml aliquots of spent medium from each filter plate medium reservoir and four M9-
glucose medium controls were thawed on ice with 5 ml of 100% methanol. After thawing,
solutions were transferred to glass separatory funnels that were initially washed with Liquinox
(Alconox, Inc., New York, NY), rinsed with water, dried, and then rinsed three times with
acetone. Three separate 5-ml liquid-liquid extractions were performed on each sample using
dichloromethane, and then the combined volume of the organic layers from each extraction (15
ml) was pooled into a 50-ml canonical tube. The organic layer was dried under nitrogen (N2
evaporator system; Glas-Col). Samples were resuspended in 1.0 ml 65%:35% (vol/vol)

acetonitrile—0.1% formic acid in water.

To prepare samples for polar mass spectral analysis, 2 ml of the aqueous layer from
liquid-liquid extractions was evaporated using a Savant SVC 100H centrifugal evaporator. Dried
samples were resuspended in 150 pl of methanol, sonicated (Branson M1800) for 30 min,
further resuspended with the addition of 350 ul of acetonitrile, and centrifuged at 20,817

x g for 20 min, and the supernatant was filtered through a 0.22-um-pore PVDF membrane.
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Mass spectral analysis. Reverse-phase chromatography and mass detection of
exometabolites were performed on a Waters Xevo G2-XS QTof UPLC-MS-MS instrument. For
nonpolar UPLC analysis, 10 ul was injected into a C1g column (BEH Shield; 2.1 by 100 mm, 1.7-
um particle size; Waters, Milford, MA) maintained at 35°C. Samples were eluted at a flow rate
of 0.3 ml/min under the following gradient conditions: 99% A—1% B for 1 min, followed by 1%
t0 99% B in 10 min, then hold at 99% B for 3 min before returning to the initial condition for 1
min. Mobile phase A consisted of 0.1% formic acid in water (pH 2.7), and mobile phase B
consisted of acetonitrile. MS conditions were set as follows: mass range acquisition, 50 to
2,000 m/z; ionization mode, electrospray ionization negative (ESI”) sensitivity mode; scan time,
0.5 s; collision energy, 6 eV; capillary voltage, 2.5 kV; sampling cone, 40 V; source temperature,
100°C; desolvation temperature, 350°C; cone gas flow, 50 liters/h; desolvation gas flow, 550
liters/h; and low mass (LM) resolution, 4.7. For accurate mass acquisition, a lock mass of leucine
enkephalin ([M - H]~ = 554.2615) was used. Twenty experimental samples (4 time series
replicates and 5 time points/series) and 4 M9-glucose controls (1 for each time series) were
analyzed twice as mass spectral replicates. All samples, including solvent blanks, were analyzed
in a random order. In addition, a composite quality control (QC) sample was made by
combining 50 ul from each experimental sample, including all biological replicates but excluding
medium controls (45). A QC dilution series was prepared by diluting the QC sample 2-, 4-, and 8-
fold. The QC sample was used to condition the column at the beginning of the mass spectral
analysis (117) and to assess instrument stability at six time points over the course of the mass
spectral analysis (117). The QC dilutions were analyzed at the end of the mass spectral analysis

and were used to filter out noisy features as part of the data quality control prior to statistical
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analysis (118). Raw Waters MS data files were converted to netCDF file format using MassLynx

DataBridge software (Waters, Milford, MA).

Hydrophilic interaction liquid chromatography (HILIC) mass detection of exometabolites
was performed on a Waters Xevo G2-XS quadrupole time of flight (QTOF) UPLC—MS-MS
instrument. For polar UPLC analysis, 10 pl of each sample was injected into an HILIC column
(Cortecs UPLC, 2.1 by 100 mm, 1.7-um particle size; Waters, Milford, MA) maintained at 35°C.
Samples were eluted at a flow rate of 0.3 ml/min under the following gradient conditions: 0%
A-100% B for 1 min, 0% to 52.5% A in 13 min, hold at 52.5% A for 3 min before returning to the
initial condition for 5 min. Mobile phase A consisted of 5 MM ammonium acetate in water (pH
3), and mobile phase B consisted of 95% acetonitrile=5% 5 mM ammonium acetate in water
(pH 3). MS conditions were set as follows: mass range acquisition, 50 to 2,000 m/z; ionization
mode, ESI* sensitivity mode; scan time, 0.1 s; collision energy, 6 eV; capillary voltage, 3.0 kV;
sampling cone, 35 V; source temperature, 100°C; desolvation temperature, 350°C; cone gas
flow, 25 liters/h; desolvation gas flow, 600 liters/h; and LM resolution, 4.7. For accurate mass
acquisition, a lock mass of leucine enkephalin ([M + H]* = 556.2771) was used. Samples were
analyzed in blocks of 4 time series replicates, starting with 35 h and decreasing sequentially to
15 h, followed by 4 medium control samples. A solvent blank was run between each block.
Given the expectation of bactobolin accumulation through time (100), samples were analyzed
in this order to ensure that there was no sample carryover in each subsequent block analyzed.
The sample taken at 35 h from replicate 4 was chosen for MS-MS analysis to confirm the

identification of bactobolin. For MS-MS analysis, similar UPLC conditions and MS conditions
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were used with the following exceptions: MS set mass, 383.1; MS-MS range acquisition, 40 to

600 m/z; LM resolution, 17.0; and collision energy ramp, 20 to 80 eV.

Peak selection, quality control, and global analysis of nonpolar mass spectral data.
mzMatch version 2.0-13 was used for metabolomics analysis (97). Fifty-seven mass spectral files
were analyzed: 4 time series replicates, 5 time points/series, 2 mass spectral replicates/time
point, 4 negative controls with 2 mass spectral replicates each, 6 QC samples, and 3 QC dilution
series samples. First, XCMS version 1.48.0 was used within mzMatch for peak selection and
retention time correction (96). Then, peak grouping, peak filling, and peak filtering steps were
performed in mzMatch. Filtering steps included noise filtering, medium control removal,
removal of features below and above the elution gradient (<0.5 min and >18 min of retention),
and QC dilution series assessment. Pearson’s correlation was used to assess congruence across
dilutions for each feature and to determine if the experimental series for an undiluted feature
was highly correlated with that of its 1:2, 1:4, and 1:8 dilutions (118). Features with a dilution
series Pearson’s r of <0.9 and/or P value of >0.05 had an irreproducible dilution trend and were
removed (118). The resulting feature by sample matrix was converted from a .peakml file to a
text file and was imported into R. The coefficient of variation (CV) was calculated in R to assess
reproducibility of QC samples. Duplicate retention times were removed, features with a
positive Pearson correlation coefficient from the QC dilution series were removed, and features
with the greatest average abundances in the QC samples were removed. The three QC dilution
series samples and medium control samples were omitted from the statistical analysis of
differential patterns. Missing values were changed to half the minimum value, and labels were

added to comply with the MetaboAnalyst data format (119).
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The feature table was uploaded into MetaboAnalyst 3.0 (119). Raw feature intensity
values from the quality-filtered data set were normalized using probabilistic quotient
normalization (120) and log, transformed (121). The resulting mass feature table was used for
statistical analysis and visualization. We used principal-component analysis to explore global
changes in metabolite profiles across samples. We tested for significant differences among time
points using permutational multivariate analysis of variance (PERMANOQOVA) (122), implemented
with the Adonis function in the vegan package (123). We first performed a global test with
Adonis to determine as if there are any differences among any time points. If the global test
was significant, post hoc pairwise tests between all time points were performed to determine
which were different from each other (e.g., time 15 versus time 20). To correct for multiple
comparisons, we used a false-discovery rate (FDR) adjustment to the P values for post hoc tests,
using the p.adjust script from the base package in R (124). We used a Procrustes
superimposition analysis to determine if replicate time series were coherent (98). This test was
implemented with the PROTEST function in the vegan package (123). We used MetaboAnalyst
to create a heat map to visualize feature changes over time. For the heat map, time point
replicates were standardized with Z scores, and then features were averaged within a time
point. A full heat map with each replicate as a separate column is provided in the supplemental

material.

Bactobolin identification from polar mass spectral data. For MS analysis targeting
bactobolin, polar mass spectral data from the HILIC analysis were used. Targeted peaks were
detected in MZmine 2.17 with the following parameters: intensity tolerance, 10%; noise level,

50; m/z tolerance, 30 ppm; and retention time tolerance, 0.4 min. After peak detection, peak
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extension was used with the following parameters: m/z tolerance, 30 ppm; and minimum
height, 50. Selected peaks were joined into one data file using the join aligner function in
MZmine, and peak areas were exported to a CSV file. The R package ggplot2 (125) was used to

make a box plot tracking bactobolin accumulation through time.

For MS-MS analysis, the netCDF file was uploaded into MZmine to observe MS-MS
fragments. Scan number 2405 was chosen to produce the fragment list provided in Appendix A
Table 1 because this MS-MS scan had the least parts per million errors for all fragments.
Extracted ion chromatographic traces of bactobolin from the MS and MS-MS data files were

generated in XCMS.

Availability of data.

Computing workflows (source code and input files) are available on GitHub
(https://github.com/ShadelLab/PAPER_Chodkowski_mSystems_2017). Mass spectral data have

been submitted to Metabolights (http://www.ebi.ac.uk/metabolights/MTBLS525).

Results

Description of the synthetic community experimental system.

The apparatus of the experimental system is a sterile microtiter plate. In the plate, each
well has a 0.22-um-pore filter bottom and the plate fits into a shared medium reservoir. The
pore size of the filters physically separates each member from its neighbors but permits

resource and metabolite sharing through the reservoir. This allows for observation of outcomes
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of chemical interactions between members. It is ready fabricated and commonly used for
eukaryotic tissue culture. Any comparable product could be used for the synthetic community;
we have used plates from Millipore (Darmstadt, Germany). Isolates from the habitat of interest
are arrayed randomly into the plate, with a single member occupying each well at a known
initial density or population size. The total number of wells occupied by an isolate can be used
to calculate its proportional contribution to the total community. The plate, with its
combination and arrangement of isolates, represents the level of the experimental unit and is
replicated. The plates are incubated with gentle shaking to homogenize member access to
media and exometabolites and to omit spatial effects (91). Because the filter bottom of one
well is removed and used for transfer of media to the reservoir, as many as 95 unique members

can be included in one consortium.

Observation of known microbial interactions in the system.

We demonstrate that relevant microbial molecules can pass through the filter
membranes into the shared community reservoir. We asked if molecules made by bacteria
arrayed into the plate could be produced in biologically relevant concentrations to impact other
members. We paired Chromobacterium violaceum Cv017, a strain that produces acyl-
homoserine lactone (AHL), with the AHL biosensor C. violaceum Cv026. Cv026 is a strain that
lacks the ability to make AHLs but produces the purple pigment violacein when exogenous AHLs
are sensed (95). The violacein gene cluster is regulated by quorum sensing. Controls showed
that Cv026 did not produce violacein when grown alone, as no AHLs were produced to induce

quorum sensing (Figure 2.1A). In triplicate, we arrayed each strain at opposite ends of a filter
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plate, with several wells of uninoculated medium separating them. This was done to ensure
that there was not spatial heterogeneity in molecule production or sensing, which was not
expected given that the plates were incubated with gentle shaking. Cv026 produced violacein
when arrayed in the filter plate system with Cv017, demonstrating that it could sense the AHLs
produced by Cv017 (Figure 2.1B). After Cv026 produced violacein in the filter plates, wells
containing Cv026 were serially diluted onto agar plates. All Cv026 colonies reverted to beige on
the plate (Figure 2.1C). This showed that AHLs produced from Cv017 were necessary to induce
violacein production in Cv026 in the filter plates and that there was no contamination of Cv017
or relevant mutations in Cv026. We confirmed this result by comparing endpoint reverse
transcription (RT)-PCR of gene expression of vioC to that of the housekeeping gene rpoB. We
compared gene expression in the filter plate coculture with the test tube monoculture for
Cv026 and Cv017 (Appendix B Figure 1). This experiment showed that the synthetic community
system reproduces microbial production and sensing of small molecules relevant for known

microbial interactions.
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Figure 2.1. The filter plate system reproduces known microbial interactions facilitated by

exometabolites.

A) Control. The Chromobacterium violaceum mutant strain Cv026 cannot produce acyl-
homoserine lactones (AHLs), while strain Cv017 can. AHLs trigger production of the purple
pigment violacein. B) AHLs from Cv017 diffused through wells to induce quorum sensing and
violacein production in Cv026. C) Colonies of Cv026, diluted from the Transwells in panel B and

plated, reverted color in the absence of exogenous AHLs.
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System measurements.

Both community and member-specific parameters of the system can be measured to
interpret the community outcomes. At the community level, the primary data collected are
untargeted exometabolite profiles of molecules extracted from the shared medium reservoir.
These profiles serve as readout of direct functional output and are relevant for member
interactions. The exometabolite extraction protocol will depend on the molecules of interest
(e.g., signaling molecules, small peptides, extracellular enzymes, antibiotics, etc.). Alternatively,
a “global” approach could be used with multiple extraction solvents and mass spectral
conditions to capture a breadth of molecules. Ecological and functional community properties

can be quantified as appropriate for the scientific question.

Member-specific data can also be collected from the synthetic system. As a proxy for
member success in the system, growth and viability can be determined using either live/dead
staining with flow cytometry or dilution to extinction of plated well contents. As a
measurement of member production, biomass can be assessed. At the end of the experiment,
planktonic cells can be vacuumed onto the filters, and then the collection of filters for each
member can be excised, dried, and weighed with a microbalance. Alternatively, total protein
accumulation could be assayed per well. Growth and biomass are quantified relative to control
conditions within the experimental design. To couple regulation with functional output,
member transcript sequencing can be performed to explore linkages between gene regulation
and exometabolite production. Transcript data also can inform the upregulation of cryptic
pathways or help to identify exometabolites from the untargeted analysis. Biomass for each

member can be removed from wells by pipetting and then combined and flash-frozen for RNA
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extraction. Optimally, member genome sequences would be available to be used as references

for transcript assembly and analysis.

Demonstration.

We demonstrated the use of the synthetic community system with a three-member
community comprised of common environmental strains: Burkholderia thailendensis E264, C.
violaceum SC11,368, and Pseudomonas syringae DC3000 (Table 2.1). The members were
randomly arrayed in a filter plate and each occupied 31 wells so that the community was even.
Over 15 to 35 h in stationary phase, we extracted shared community metabolites from the
medium reservoir every 5 h and performed liquid-liquid extraction to separate the nonpolar
and polar phases. Nonpolar metabolites were analyzed by ultraperformance liquid
chromatography-mass spectrometry (UPLC-MS). Peak picking and retention time alignment
from the UPLC-MS data set was performed in XCMS (96), and additional quality filtering steps
were performed in mzMatch (97). After quality filtering, there were 977 features in the
nonpolar profile. Mass spectral replicates were reproducible (Figure 2.2); median Pearson’s r =
0.98; range, 0.96 to 0.99; all P values of <0.0001). As expected, our quality control (QC) samples
had similar profiles even though they were analyzed at different times over the mass spectral
operation (Appendix B Figure 2; median coefficient of variation [CV], 2.62%; range, 0.45 to
12.10%). QC samples represented an average of all other profiles (Figure 2.2). These data show

that the synthetic community system offers experimental consistency in mass spectral results.
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Table 2.1. Strains used in this study

Strains Genotype Reference

SC Wild-type Chromobacterium violaceum ATCC Wells, J. S. et al. 1982 (ref.

11,378 31532 (WTCV) (127))

Cv017 Sm™ mini-Tn5 Hg' Chernin, L. S. et al. 1998 (ref.
Derivative of SC 11,378 (128))

Cv026 Sm" mini-Tn5 Hg" cvil::Tn5xylE Km' McClean K. H. et al. 1997
Derivative of Cv017 (ref. (95))

E264 Wild-type Burkholderia thailandensis ATCC Brett, P. J. et al. 1998 (ref.
700388 (129))

DC3000  Wild-type Pseudomonas syringae ATCC BAA-871 Buell, C. R. et al. 2003 (ref.

(130))
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Figure 2.2. Global exometabolite changes in a three-member community compared across

time and with mass spectral replication.

Shown are results from principal-component analysis (PCA) of normalized, log;-transformed
mass spectral profiles. Profiles are colored by time and labeled by replicate (R1 to R4). Quality
control series (QC), a composite of all experimental samples, are labeled by analysis order (T1

to T6). A total of 977 mass features were included after quality filtering.
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We observed directional changes in the three-member community’s nonpolar
exometabolite profile over time, explained by axis 1 in the principal-component analysis (PCA)
(Figure 2.2). There was high reproducibility in the metabolite profile changes with time across
the four independent time series (PROTEST [98]; all pairwise r? values of >0.938, all P values of
<0.025). Thus, our results show that replicate time series were synchronous. There also were
clear differences in metabolite profiles with time, as each time point had distinct profiles (global
Adonis r> =0.758, P < 0.01, all pairwise false discovery rate [FDR]-adjusted P values of <0.05). An
exception was the 30- and 35-h profiles, which were not statistically distinct (FDR-adjusted P =
0.41). These results generally show that the system is robust and can facilitate observations of

biologically induced changes in community exometabolites.

To observe the common temporal patterns of features, a heat map was created using
Ward’s clustering algorithm with Euclidean distances from Z-scored data (Figure 2.3). We
observed both decreases in existing features (clusters A and B) and production of new features
over time (clusters D, E, and F). There were also some features that were enriched in early or
mid-time points (i.e., in cluster C and in cluster E at 20 to 25 h, respectively). There were a few
features that had variable dynamics, such as in cluster A. While it is outside the scope of this work
to identify each of these features, these overarching patterns demonstrate that there are
biological changes occurring in the three-member community’s exometabolite profile over time
that are attributable to member production as well as medium depletion. A heat map including

all replicates is provided in Appendix B Figure 3.
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Figure 2.3. Exometabolites exhibit directional changes over stationary phase in a three-

member synthetic microbial community.
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Figure 2.3 (cont’d)

Shown is a heat map of 977 mass feature changes over time within a three-member
community, where samples are columns and features are rows. Each sample is the average of
four time point replicates, each started independently from new cultures. Euclidean distance
was calculated from Z-scored mass spectral profiles. Features with similar dynamics were
clustered by Ward’s method. Letter designations for clusters were added post hoc to aid in
discussion. “QC” is quality control series, an even composite of all experimental samples that
was run at regular intervals on the mass spectrometer to assess instrument stability and feature

consistency.
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To further validate that the synthetic community system can produce the expected
results in biologically complex situations, we also asked whether we could observe the expected
dynamics of a known molecule within the system. We hypothesized that bactobolin, a
characterized bacteriostatic molecule produced by B. thailandensis E264 (99), would accumulate
in the medium reservoir of the three-member community over stationary phase, as previously
reported for other B. thailandensis cultivation conditions (100). We identified a feature
consistent with the mass of bactobolin using polar metabolite analysis (m/z = 383.075) (Appendix
B Figure 4A). Tandem MS (MS-MS) fragments of the parent ion were consistent with those
reported in the mass spectral molecule database METLIN (101) for bactobolin (Appendix A Table
1 and Appendix B Figure 4B), confirming the identity of this feature as bactobolin. In addition,
the feature identified as bactobolin accumulated in the media of the three-member community

through time (Appendix B Figure 4C).

We also demonstrated member-specific measurements from the system. We measured
cells recovered over time in a three-member experiment and also from monoculture and from
coculture experiments conducted in filter plates. Cell count data using live/dead staining with
flow cytometry had high reproducibility (median CV, 1.55%; range, 0.87 to 2.35%). These data
revealed potential antagonism between P. syringae and B. thailandensis, as evidenced by the
reduced P. syringae live cell counts when grown in the same consortium asB.
thailandensis compared to its cell counts in monoculture or when grown only with the third
community member, C. violaceum (Figure 2.4). To the best of our knowledge, this is the first time
that antagonism between B. thailandensis E264 and P. syringae DC3000 has been observed,

although previous studies have shown that B. thailandensis can produce antibacterials
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(100, 102). This is relevant because P. syringae spp. are common plant pathovars, and we suggest

subsequent work should explore this interaction with biocontrol applications in mind.
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Figure 2.4. The filter plate system provides evidence of inhibition among members.

Shown are changes in live cell counts of P. syringae over stationary phase, measured using flow
cytometry of Syto9-stained cells recovered from the filter plates. Five wells per plate and two
replicate plates per time point were used to assess P. syringae cell counts when grown in
monoculture (A), the three-member community (B), coculture with B. thailandensis (C), and
coculture with C. violaceum (D). Reduced counts in coculture and the three-member
community (compared to counts in monoculture or with C. violaceum) suggest an antagonistic

interaction with B. thailandensis.
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We observed consistent population sizes for each community member over stationary
phase (Appendix B Figure 5), suggesting that, for this community, exometabolite interactions
that occurred during stationary phase impacted functional output without impacting standing
population sizes. Thus, outcomes of member exometabolite interactions did not drastically alter
population sizes in this consortium. In contrast, the expectation in ecological compensatory
dynamics is that population sizes of competitors are negatively correlated, such that an increase
in the more fit population corresponds with a decrease in the less fit population. The observation
of static population sizes in the synthetic system is important because it suggests that we can
identify signatures of microbial interactions that are not necessarily indicated by changes in
population size. Microbial interactions without obvious growth outcomes may be more cryptic
and require more precise characterization than what total cell counts can provide, but would be

observable in this system if driven by exometabolites.

Taken together, our synthetic community results demonstrate that this new system can

reveal global exometabolite dynamics and interactions among microbial community members.

Discussion

The synthetic community system introduced here can be applied to address a variety of
timely and compelling questions in systems and community microbiology. First, the synthetic
system can be used to address fundamental questions about the consequences of community
diversity. Membership manipulations can be performed to address the importance of

community richness (total number of taxa) and structure (relative contributions of members)
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on member interactions and emergent community properties. For example, it has been
suggested that microbial community structure matters most for function in the production of
exometabolites such as enzymes and polysaccharides, which have implications for
biogeochemical processes like carbon cycling (84) and N fixation (85). The system could be used
to interrogate these exometabolites directly. Similarly, the system can be used to investigate
temporal changes in member interactions, to determine how member interactions change in
response to perturbations, and to experimentally evolve microbial interactions within
communities. These and similar lines of inquiry will allow researchers to ask how microbial
interactions and products change as the result of controlled and specific environmental cues.
Finally, the system can facilitate discovery of natural products. Member genomes can be mined
for cryptic metabolic pathways from bioinformatic predictions, and this information could then
be coupled to synthetic community manipulations to observe regulation. Novel or unknown
exometabolites are likely to be discovered in an untargeted analysis of the community

exometabolites, and their chemical structures and activities can be pursued subsequently.

This synthetic community system offers several experimental advantages. First, the
synthetic system offers an opportunity to interrogate a relatively simple community within
well-defined experimental conditions (45). It allows researchers to focus specifically on
community outcomes driven by exometabolites and not by physical contact, as well as the
causes and consequences of those outcomes. These interactions can be challenging to target in
other mixed batch or bioreactor systems. The system also is versatile because it can be used
with microbial consortia from any ecosystem and adjusted to simulate environmental

conditions of interest. The system also is scalable, not only for increasing the overall community
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diversity, but also for moving toward higher-throughput and high-content screens for
molecules and community outcomes of interest. Finally, the system is accessible. The filter
plates are available to any lab, and manual manipulation of the system without specialized
equipment is feasible. We suggest that the most limiting factor is access to mass spectrometers
and expertise in mass spectral analysis, which if not available locally is accessible via research

support facilities.

As is true for any laboratory-scale experimental system, this synthetic community
system also has several limitations. First, all possible types of microbial interactions are not
observable using this system. Some exceptions include interactions that are contact dependent
or in which chemical exchanges and physical contact are not clearly distinguishable or
independent. The system instead allows for control of the influence of physical spatial structure
on microbial interactions, which has been shown to be important for stabilizing some
communities, especially for highly structured environments like biofilms or soil matrices
(e.g., 89, 91, 103, 104). However, because members are spatially partitioned yet permitted to
interact chemically, this system allows the researcher to control for spatial effects without a
typical limitation of homogenous coculture: overgrowth of one member that prevents long-

term observations of community interactions (89).

Not all relevant microbial exometabolites and community outcomes will be observable
in this system. Specifically, exometabolites that have a rapid turnover or that are concentration
dependent in ranges outside the system’s physical constraints and imposed experimental
conditions will be inaccessible (e.g., total medium volume or experiment duration,

respectively). The ability to observe a molecule and its community outcomes also depends on
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the sensitivity of the microbial sensing/signaling systems involved, which will depend on the
members’ capabilities. Also, this system may not be ideal for situations in which the local
accumulation of an exometabolite inhibits the reaction generating the exometabolite, but this
will depend on the duration of the experiment relative to the expected rate of exometabolite
accumulation in the reservoir. Finally, interactions that are reliant on volatiles that may off-gas

during plate shaking will not be observable.

Only cultivable organisms can be applied easily to the system, and so if the most
functionally important or prevalent members of a community are yet uncultivable, their
interactions will be difficult to observe with this system. However, cultivation methods are
improving, in part because cultivation conditions can be informed by metagenome and
(meta)transcriptome data (105), and there is evidence that growing microbial community
members in cohorts from the environment can improve isolate recovery (106). Thus, this
synthetic community system could be used to provide insights into the precise memberships

and molecules required to bring new isolates into laboratory culture.

A general limitation of any system used to observe exometabolites is that many
microbial exometabolites are unknown and difficult to identify. We anticipate that this
limitation will be overcome as technology and infrastructure for exometabolite identification
advances. Analysis pipelines to integrate exometabolite data with other microbial omics
approaches, such as transcripts and metabolic flux analysis, are also in active development
(107, 108). Therefore, the first experiments using the synthetic community system will face

necessary challenges in spearheading analysis and integration approaches.
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There are general criticisms offered for using model or laboratory-scale systems in
microbial ecology, and a common concern is that any model cannot mimic natural conditions
and therefore is not biologically relevant. The synthetic community system described here is an
artificial, simplified model. However, it is a model that offers many advantages specifically for
understanding the chemical feedbacks on community ecology driven by microbial interactions,
which is a key goal of synthetic microbial ecology (45). These interactions have the potential to
occur in nature, especially when thoughtful experimental designs are employed to (i) include
organisms that are naturally cooccurring or have evidence of interactions and (ii) manipulate
the pertinent primary drivers of natural ecosystems. Furthermore, important advances in
ecology and evolution have been made using model systems (109-112). Microbial synthetic
systems especially have offered insights because of their malleable communities and molecular
tools for understanding population dynamics (42, 113-115). Thus, researchers continue to use
model systems because they can inform as to both biological potential and constraints in
nature. When complemented with careful studies in situ, the synthetic community system
described here can serve to discover and interrogate microbial interactions, the signatures of

which may otherwise be unobservable within the complexity of natural systems.
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CHAPTER 3 : Exometabolite Dynamics over Stationary Phase Reveal Strain-Specific Responses

Work presented in this chapter has been published as Chodkowski JL, Shade A. 2020.
Exometabolite Dynamics over Stationary Phase Reveal Strain-Specific Responses. mSystems
5:e00493-20.
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Abstract

Microbial exponential growth is expected to occur infrequently in environments that
have long periods of nutrient starvation punctuated by short periods of high nutrient flux.
These conditions likely impose non-growth states for microbes. However, non-growth states
are uncharacterized for the majority of environmental bacteria, especially in regard to
exometabolite production. We compared exometabolites produced over stationary phase
across three environmental bacteria: Burkholderia thailandensis E264 (ATCC 700388),
Chromobacterium violaceum ATCC 31532, and Pseudomonas syringae pathovar tomato DC3000
(ATCC BAA-871). We grew each strain in monoculture and investigated exometabolite dynamics
from mid-exponential to stationary phase. We focused on exometabolites that were released
into the media and accumulated over 45 hours, including approximately 20 hours of stationary
phase. We also analyzed transcripts (RNA-seq) to interpret exometabolite output. We found
that a majority of exometabolites released were strain-specific, with a subset of identified
exometabolites involved in both central and secondary metabolism. Transcript analysis
supported that exometabolites were released from intact cells, as various transporters had
either increased or consistent transcripts through time. Interestingly, we found that succinate
was one of the most abundant identifiable exometabolites for all strains, and that each strain
re-routed their metabolic pathways involved in succinate production during stationary phase.
These results show that non-growth states can be metabolically dynamic, and that
environmental bacteria can enrich a minimal environment with diverse chemical compounds as

a consequence of growth and post-growth maintenance in stationary phase. This work provides

54



insights into microbial community interactions via exometabolites in conditions of growth

cessation or limitation.

Introduction

Much of microbiology research in the laboratory is conducted with bacterial or archaeal
populations that are growing exponentially. However, it is estimated that 60% of microbial
biomass in the environment is in a non-growing state (131, 132). Non-growing states can arise
by virtue of being dormant (e.g. low metabolic activity) or entering stationary phase (e.g.
maintenance-levels of metabolic activity) (133), where the latter refers to a population-level
phenomenon that occurs after exponential growth. Various abiotic and biotic stressors at
carrying capacity are known to induce stationary phase including nutrient
exhaustion/inaccessibility and the accumulation of waste products. Particular environments
impose conditions where microbial populations are in stationary phase for a better part of their
existence. For example, dry soils with intermittent periods of rewetting (54, 134, 135), activated
sludge operating in a sequencing batch reactor (SBR) (56, 136), and in the human gut (55, 137).
Thus, unlike most cultivated laboratory strains, microbes experience stationary phase in
environments where short periods of high nutrient flux is followed by long periods of famine

(138, 139).

Bacteria survive in stationary phase by employing various stress response adaptations
(53, 58, 140). Stress response adaptations include changes to cell morphology, transcription,

translation, and metabolism. Furthermore, in stationary phase, microbes can re-route
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metabolic pathways to maintain essential components of the cell and the proton motive force
(52). While these adaptations are thought to serve as survival mechanisms, the levels and types
of metabolic activities in stationary phase are not well understood for most environmental

microbes.

It is known, however, that microbes can exhibit appreciable metabolic activity in
stationary phase (141). For example, entry into stationary phase resulted in prolonged protein
production in Escherichia coli despite a decrease in overall protein levels (59). Metabolomic
studies of E. coli in stationary phase support that there are unique metabolite production
profiles associated with metabolic responses to growth arrest (60, 142, 143). These studies
have provided valuable insights into stationary phase physiology. However, metabolome
studies of microorganisms have generally focused on the dynamics of intracellular metabolites.
It is expected that understanding metabolite dynamics in the extracellular environment can
provide insights into metabolic responses that are relevant for microbial communities and

interactions amongst coexisting community members.

Exometabolomics is the characterization of small, extracellular molecules either
released by a microbe through means of lysis or diffusion, passive or active (5). Characterizing
exometabolites can provide insights into the potential for microbes to engage locally with other
microbes and the environment via release of small molecules (2). The effect of these small
molecules on neighboring microbes can range from cooperative (e.g. signaling molecules) to
antagonistic (e.g. antibiotics) (1). Some exometabolites, such as antibiotics, are known to
increase in production upon entry into stationary phase (53). In addition, computational models

have predicted that costless exometabolite production, such intermediates of central carbon
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metabolism, may be common among bacteria (144), which could provide an overall benefit in a
microbial community setting. Untargeted exometabolomic profiling has benefited from recent
advances in the sensitivity and throughput of mass spectrometers (39). This approach provides
an experimental basis to observe the breadth of exometabolites produced by microbial strains
and strain-specific contributions to the exometabolite pool. Characterizing the exometabolite
profile of a microbial population over time can be applied to understand the dynamic interplay
between cell metabolism and the environment. Integrating untargeted exometabolomic
approaches with other ‘omic technologies (e.g. transcriptomics, genomics) informs comparisons

across microbial populations of their metabolic responses in stationary phase.

We present an investigation of three environmental bacterial strains that are commonly
associated with terrestrial environments (soils or plants) (Table 3.1). These strains were chosen
because of reported (145) and observed interspecies exometabolite interactions in the lab. This
current study evaluated exometabolite production for each strain in monoculture to first
establish typical single-strain responses over stationary phase, with goals to next proceed to
understand exometabolite-mediated interactions among strains. Our previous work established
a robust and flexible approach to investigate microbial exometabolite production in either
monoculture or co-culture (146). Our approach uses filter plates that allow for the separation of
cells from an exometabolite reservoir. Here, we examined the detailed exometabolite and
transcript dynamics, defined as compositional changes through time, for each of these three
environmental strains in monoculture over stationary phase after growth in minimal glucose
(3.7 mM) medium. We asked: What is the diversity of unique exometabolites that accumulate

over stationary phase? What is a likely explanation (e.g. transport from viable cells or lysis) for
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the accumulation of exometabolites? How does exometabolite composition and production
compare across strains and time, and what general insights could these provide for

understanding microbial metabolism and ecology of stationary phase?
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Table 3.1. Bacterial strains used in this study.

Family Genome size ORFs?
(Mb)
Burkholderia thailandensis Burkholderiaceae 6.72 5,641
E264 (129)
Chromobacterium violaceum ATCC Neisseriaceae 4.75 4,371
31532 (127)
Pseudomonas syringae pathovar Pseudomonadaceae 6.53 5,853

tomato DC3000 (130)

30RFs, open reading frames.
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We found that exometabolite composition is dynamic through stationary phase, and
that accumulated exometabolites were likely released from intact cells. We also found that a
majority of released exometabolites were strain-specific, suggesting that different bacterial
strains have individualized responses to stationary phase. Finally, we found that all three strains

re-routed metabolism in stationary phase.

Materials and Methods

Bacterial strains and culture conditions

Glycerol stocks of B. thailandensis, C. violaceum, and P. syringae (Table 3.1) were plated
on half-concentration Trypticase soy agar (TSA50) at 27°C for at least 24 h. Strains were
inoculated in 7 ml of M9-0.2% glucose medium and grown for 16 h at 27°C, 200 rpm. Cultures
were then back-diluted into 50 ml M9-0.2% glucose medium such that exponential growth
phase was achieved after 10 h of incubation at 27°C, 200 rpm. Strains were back-diluted in 50
ml M9-0.067% glucose medium to target ODs (B. thailandensis 0.3 OD, C. violaceum: 0.035 OD,
P. syringae 0.035 OD) such that stationary phase was achieved after approximately 24 h of

incubation in filter plates.

Filter plate experiments

We used the filter plate system to study each strain in monoculture over the course of
stationary phase. Filter plate preparation was performed as previously described (146). Briefly,

we used sterile filter plates with 0.22-um-pore polyvinylidene difluoride (PVDF) filter bottoms
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(MultiScreen GV Filter Plate, 0.22 um, MSGVS2210, Millipore). Prior to use, filter plates were
washed three times with sterile water using a vacuum apparatus (NucleoVac 96 vacuum
manifold; Clontech Laboratories). The filter of well H12 was removed with a sterile pipette tip
and forceps, and 31 ml of M9-0.067% glucose medium was added to the reservoir through well
H12. Each well was then filled with 130 ul of back-diluted culture in M9-0.067% glucose
medium or medium only. For a given time series replicate, a custom R script (RandomArray.R
[see the GitHub repository]) was used to randomize the placement of a strain in the wells so
that a strain occupied a total of 31 wells per plate and the remaining 64 wells were filled with
medium. Each monoculture time course was independently replicated four times for a total of
12 experiments. The time course included 6 time points: an exponential phase point (12.5 h)
and 5 points assessed every 5 h over stationary phase (25 h — 45 h). Plates were destructively
sampled, comprising a total of 72 plates for the entire experimental design of 3 strains x 6

timepoints x 4 replicates.

Filter plates were incubated at 27°C with gentle shaking (~0.32 rcf). We again used our
RandomArray.R script to randomize wells used for RNA extraction (16 wells, pooled per plate)
and flow cytometry (5 wells, pooled per plate). During destructive sampling, first, the wells
containing spent culture assigned to RNA-seq were pooled into a 1.5 mL microcentrifuge tube,
flash frozen in liquid nitrogen, and stored at -80 °C for RNA extraction. Next, wells containing
spent culture assigned to flow cytometry were pooled, and then 20 pL was initially diluted in
180 pL Tris-buffered saline (TBS; 20 mM Tris, 0.8% NaCl [pH 7.4]), and then, after checking
concentrations needed for accurate flow cytometry counts, diluted further in TBS to reach final

dilutions of 1,300-fold, 1,540-fold, and 900-fold for B. thailandensis, C. violaceum, P. syringae,

61



respectively. Finally, spent medium (~31 ml) from the shared reservoir was transferred into 50
mL conical tubes, flash-frozen in liquid nitrogen and stored at —80 °C for subsequent

exometabolite extraction.

Flow cytometry

Diluted cultures were stained with the Thermo Scientific LIVE/DEAD BacLight bacterial
viability kit at final concentrations of 1.5 uM Syto9 (live stain) and 2.5 uM propidium iodide
(dead stain). Two hundred microliters of stained cultures were transferred to a 96-well
microtiter U-bottom microplate (Thermo Scientific). Twenty microliters were analyzed on a BD
Accuri C6 flow cytometer (BD Biosciences) at a fluidics rate of 66 pl/min and a threshold of 500
on an FL2 gate. The instrument contained the following optical filters: FL1-533, 30 nm; FL2-585,
40 nm; and FL3, 670-nm longpass. The counting accuracy of the flow cytometer was periodically
checked with GFP beads. Data were analyzed using BD Accuri C6 software version 1.0.264.21

(BD Biosciences).

LCMS sample preparation and data acquisition

The following methods were according to the Department of Energy Joint Genome
Institute (DOE JGI) standard operating protocols performed at the DOE JGlI facility. Spent
medium samples from the monocultures were shipped from Michigan State to the DOE JGI
overnight on dry ice. Spent medium (ranging from 2.5 to 8 mL) were lyophilized in a Labconoco

FreeZone 2.5 lyophilizer (Labconco, Kansas City, MO). Dried samples were resuspended in 700
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uL methanol, vortexed, sonicated for 10 minutes in a water bath (VWR Scientific Aquasonic
Water Bath, Model 150HT), and then centrifuged for 2 minutes at 1200 g. Supernatant was
transferred to 96 deep-well plate (1.1 mL) and then dried in a speed-vac (SPD111V, Thermo
Scientific). Samples were stored at -80 °C until LC-MS analysis. Four extraction blanks were also

prepared using the same protocol.

Dried samples were resuspended in methanol containing internal standards (ITSD). ITSD
used for polar analysis were 13C,15N amino acid mixture (30 uM, 767964, Sigma, Inc). ITSD for
nonpolar analysis was 2-Amino-3-bromo-5-methylbenzoic acid (ABMBA, 1 ug/mL). Additionally,
a quality control (QC) sample containing ~20 common biomolecules was prepared. ITSD are
used to check for injection errors, mass accuracy, and RT shifts within a sample. The m/z
accuracy and retention time shifts in QC samples were assessed to check for instrument
consistency and column performance. Samples were analyzed for both polar and non-polar
exometabolites. Resuspended samples containing ITSD were vortexed, sonicated in a water
bath for 2 minutes, transferred to transwell plates (MultiScreen GV Filter Plate, 0.22 um,
MSGVS2210, Millipore) and centrifuged for 2 min at ~1200 g into a 96-well plate, and then

transferred into an LC-MS glass vial.

UHPLC chromatography was performed using and Agilent 1290 LC stack, with MS and
tandem mass spectrometry (MS2) data collected in both positive and negative ion mode using a
Thermo QExactive (for HILIC) or Thermo QExactive HF (for C18) mass spectrometer (Thermo
Scientific, San Jose, CA). Full MS spectra was collected for m/z 80-1,200 at 60,000 resolution for
C18, and m/z 70-1,050 at 70,000 resolution for HILIC. MS/MS fragmentation data was acquired

using stepped collision energies between 10-40 eV at 17,500 resolution. Specifically, 1 MS1
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scan was followed by 2 MS2 scans of the 2 most intense ions, then another MS1 scan followed
by another 2 MS2 scans of the 2 most intense ions. If the 2 most intense ions were already
fragmented in the previous 10 seconds of analysis, the next 2 most intense ions were
fragmented. For MS2, 10,20 and 30eV collision energies were collected and averaged with the
exception of one biological replicate per condition, where 10, 20 and 40eV collision energies

were collected and averaged.

For detection of nonpolar metabolites, reverse phase chromatography was performed
using a C18 column (Agilent ZORBAX Eclipse Plus C18, Rapid Resolution HD, 2.1 x 50 mm, 1.8
um) at a flow rate of 0.4 mL/min. Samples were run on the C18 column held at 60 2C
equilibrated with 100% buffer A (100% LC-MS water with 0.1 % formic acid) for 1 minute,
followed by a linear gradient to 100% buffer B (100% acetonitrile with 0.1% formic acid) over 7
minutes, and then an isocratic elution in 100% buffer B for 1.5 minutes. A final re-equilibration
to 100% buffer A over 1 minute and isocratic hold for 1 minute was performed prior to the next
sample injection. For detection of polar metabolites, normal phase chromatography was
performed using a ZICHydrophilic Interaction Liquid Chromatography (HILIC) column (SeQuant
ZIC-HILIC 3.5-pm particle size, 200 A porosity, 150 mm x 2.1 mm, Millipore Sigma). Samples
were run on the ZIC-HILIC column held at 40 °C equilibrated with 100% buffer B (95:5
acetonitrile:water with 5mM ammonium acetate) at a flow rate of 0.45 mL/min for 1.5 minutes,
diluting buffer B down to 65% with buffer A (100% water with 5mM ammonium acetate) over
13.5 minutes, followed by a linear increase in flowrate to 0.6 mL/min as buffer B approached

0% over 3 minutes, and then an isocratic elution in 100% A for 5 minutes. This was followed by
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a 2 minute linear gradient back to 100% B and decrease in flowrate to 0.45 mL/min, and then a

final 5 minute column re-equilibration at 100% B prior to the next sample injection.

Sample injection order on the mass spectrometer was randomized and an injection
blank (2 uL of methanol) was run between each sample. For all samples, resuspension volume
(70 to 120 pL) and injection volume (2 pL to 8 pL) varied to normalize by initial sample volume
prior to extraction. A total of 257 samples were successfully analyzed (See Dataset 4 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets). Samples not included in downstream analyses were removed either because
they failed quality standards during mass spectrometry analysis or the sample had low

intragroup reproducibility.

Mass spectrometry analysis

Both MS and MS/MS data were used for untargeted metabolomics analysis. A total of
257/288 metabolomic samples were used for analysis (See Dataset 4 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets); 30 samples were removed due to failed injection and 1 sample was removed due
to low intragroup reproducibility in polar analysis (Pearson’s r < 0.14). MZmine (version 2.42)
(167) was used for peak picking, aligning features across samples, and peak integration for both
nonpolar and polar analyses and in both negative and positive ion mode. MZmine XML
parameter files for all analyses can be viewed and downloaded from GitHub (See Dataset 7 at

https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
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ter/Datasets). For MS data, a feature by sample matrix was exported for additional feature
filtering steps. For MS/MS data, the GNPS feature was used to export data in addition to
performing a local spectra database search within MZmine (see Compound identification

section, below).

We used filter featuring steps to identify exometabolites released from each strain in
stationary phase. The feature filtering steps were performed as follows on a per-strain basis: 1)
Features were removed if the max peak area was found in one of the replicates for the external
control sample. 2) A noise filter: the minimum peak area of a feature from a replicate at the last
time point (45 hr) needed to be 3X the maximum peak area of the same feature in one of the
external control replicates. 3) Coefficient of variation (CV) values for each feature calculated
between replicates at each time point needed to be less than 20% across the time series. 4) The
minimum value of the average peak area needed to be observed in the first, exponential phase
time point (12.5 h). 5) The log2 fold change of the average peak areas observed between the
last (45 h) and first (12.5 h) timepoints needed to be greater than 1. 6) The time series

abundance of a feature needed to have a Pearson correlation greater than or equal to 0.7.

Four final feature datasets from polar and nonpolar analysis in both ionization modes
were analyzed in MetaboAnalyst 4.0 (168). Features were normalized by an internal standard
(ITSD) reference feature (See Dataset 5 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets) and cube root transformed. Reference features for polar analysis in positive (13C-
15N-proline) and negative (13C-15N-alanine) was determined by the ITSD with the lowest CV

value across all samples. The reference feature for nonpolar datasets was the ITSD 2-Amino-3-
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bromo-5-methylbenzoic acid (ABMBA). Heatmaps were generated in MetaboAnalyst using
Ward’s clustering algorithm with Euclidean distances from Z-scored data. Normalized and
transformed datasets were exported from MetaboAnalyst to generate principal coordinate
analysis (PCoA) plots in R. Abundances for exometabolites that did not pass release criteria in

each strain were replaced with NAs prior to distance matrix computation.

Compound identification

A three step process was used to identify compounds or characterize chemical
ontologies (162). Identification confidence was assigned according to the Metabolomics
Standards Initiative (MSI) (169). First, compounds were identified by an in-house reference
library at the Joint Genome Institute (JGI). This reference library was curated to identify
compounds based on m/z, retention time, and MS/MS spectra of standards. A compound
passing the first two criteria were denoted MSI level 1. A compound passing all three criteria
exceeded MSI level 1. All compounds at or exceeding MSI level 1 were identified using the
reference library. This reference library was only available for polar analysis. Ranges for m/z and
retention time values for compounds in the reference library were used to identify
exometabolites from the MZmine analysis (See Dataset 6 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas

ter/Datasets).

We made an effort to identify as many of the remaining compounds from both polar

and nonpolar analyses that had MS/MS data. MS/MS data acquired during mass spec analysis
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were used to putatively identify compounds that matched to fragmentation patterns from
libraries outside of JGI; these were assigned MSI level 2. First, MS/MS data was exported to
GNPS format and analyzed in GNPS (170) to match fragmentation patterns against the NIST17
commercial library. Second, a local spectra database search was performed within MZmine
using the entire compound library from MassBank of North American (MoNA-
https://mona.fiehnlab.ucdavis.edu). For both approaches, compounds were putatively
identified if cosine scores were 0.7 or above. A subset of the final feature datasets was created
from compounds identified at MSI level 1 and level 2 (See Dataset 2 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
ter/Datasets). These datasets were processed in MetaboAnalyst (see Mass spectrometry
analysis section, above) to generate heat maps, perform pathway analysis (see Pathway
analysis section, below), and perform ANOVA analysis between strains exometabolite

abundances.

All remaining unidentified compounds with MS/MS data were analyzed with CSI:Finger
ID and assigned MSI level 3. This method provides the putative chemical ontology of a
compound. The top CSI:Finger ID match was used for each compound. Then, InChl keys from all
MSI levels were used to perform a chemical ontology analysis using ClassyFire version 1.0. SDF
files from ClassfyFire were exported from each analysis to extract both Class level and Direct

Parent level ontologies. These data were then exported to R for data visualization.
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RNA sample prep, sequencing, and QC

At Michigan State, RNA was extracted using the E.Z.N.A. Bacterial RNA kit (Omega Bio-
tek, Inc.). An in-tube DNase | (Ambion, Inc AM2222, 2U) digestion was performed to remove
DNA from RNA samples. RNA samples were purified and concentrated using the Qiagen
RNAeasy MinElute Clean up Kit (Qiagen, Inc). Ten random samples were chosen to assess RNA

integrity on an Agilent 2100 Bioanalyzer.

The following methods were according to DOE JGI standard operating protocols and
performed at the DOE JGI facility. RNA samples were shipped from Michigan State to DOE JGI
overnight on dry ice. RNA samples were placed into 4, 96-well plates- 1 plate for each species
containing all stationary phase time points and 1 plate containing exponential phase time
points. Plate-based RNA sample prep, including the Ribo-Zero rRNA Removal Kit (Illumina, for
Bacteria) and the TruSeq Stranded Total RNA HT sample prep kit, was performed on the
PerkinElmer Sciclone NGS robotic liquid handling system with the following conditions: total
RNA starting material of 100 ng per sample and 10 cycles of PCR for library amplification. The
prepared libraries were quantified using KAPA Biosystem's next-generation sequencing library
gPCR kit and run on a Roche LightCycler 480 real-time PCR instrument. The quantified libraries
were then prepared for sequencing on the lllumina HiSeq sequencing platform utilizing a
TruSeq Rapid paired-end cluster kit, v4. Sequencing of the flowcell was performed on the
Illumina HiSeq2500 sequencer using HiSeq TruSeq SBS sequencing kits, v4, following a 2x100nt

indexed run.
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Read preprocessing and filtering

BBDuk (171) was used on raw fastq files to filter contaminants and trim both adaptor
sequence and right quality trim reads where quality dropped to 0. Using BBDuk, raw reads were
evaluated for artifact sequences by kmer matching (kmer=25), allowing 1 mismatch and
detected artifacts were trimmed from the 3' end of the reads. BBDuk was used to remove reads
that contained 1 or more 'N' bases, had an average quality score across the read less than 10 or
had a minimum length <= 51 bp or 33% of the full read length. Reads mapped with BBMap
(171) to masked human, cat, dog and mouse references at 93% identity were removed. Reads
aligned to common microbial contaminants were also removed. Ribosomal RNA reads were

also removed.

Pseudo-alignment and counting

The reads from each library were pseudo-aligned to the transcriptome of each strain
with kallisto (172). Raw counts from each library were combined into gene count matrix for

each strain. The gene count matrix was used for downstream analyses.

RNA guality filtering and differential gene expression (DGE) analysis

Count matrices for each strain were quality filtered in two steps prior to DGE: genes
containing 0 counts in all samples were removed and genes with a count < 10 in more than 90%
of samples were removed. DGE was performed in DESeq2 version 1.22.1 (173). We tested for

differential gene expression by evaluating genes that changed at any time point (FDR < 0.01).
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Genes with differential expression were then evaluated for log2 fold changes >1. Specifically,
we focused on genes involved in transport (see Transporter analysis section, below).Defining

expression minimums

A cumulative abundance plot was generated for each strain by organizing locus IDs from
low transcript counts to high transcript counts and plotting the % of total transcripts against the
% of total read counts (174, 175). The 25th quantile was calculated to obtain the transcript
count value that defined a low expression minimum. That is, all genes with transcript counts
above this minimum were considered to be expressed in the cell, regardless of longitudinal

differential expression.

Transporter analysis

TransportDB 2.0 (http://www.membranetransport.org/transportDB2/index.html) was
used to annotate transporters in each strain (176). Annotated transporters were then evaluated

to determine differential expression or expression above the low expression minimum.

KEGG pathway analysis

We extracted log2 fold change (LFC) values from transcripts in each strain from DESeq
analysis. Log2 fold change were obtained by comparing each stationary phase time point to the
exponential time point 1 (12.5 h). We then mapped longitudinal LFCs onto KEGG pathways for
each strain using the pathview package in R. First, K numbers were assigned to genes for both

C. violaceum and P. syringae using BlastKOALA (version 2.2). K numbers were not assigned to B.
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thailandensis because KEGG identifiers were available. KEGG identifiers for B. thailandensis and
K numbers assigned to C. violaceum and P. syringae were used to map longitudinal LFCs onto
KEGG pathways. Pathways of interest were curated and manually edited in Inkscape (verision

0.92.4) using a colorblind palette.

Annotation of biosynthetic gene clusters (BSGC)

BSGC were annotated using antismash bacterial version 5.0 (177). Annotated genome
files for each strain were submitted to the online server. Default parameters included a relaxed
detection strictness and extra features such as KnownClusterBlast, SubClusterBlast, and

ActiveSiteFinder.

Code availability

Computing code and workflows and datasets are available at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020. R
packages used during computing analyses included vegan (178), ggplot2 (125), VennDiagram
(179), RVAideMemoire (180), patchwork (181), DESeq2 (173), pathview (182), KEGGREST (183),

and helper functions (184-187).
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Data availability

Genomes for B. thailandensis, C. violaceum, and P. syringae are available at JGI Genome
Portal under project IDs 1133672, 1133669, and 1133674, respectively. An improved annotated
draft genome of C. violaceum is available under NCBI BioProject number PRINA402426
(Genbank Accession ID: PKBZ00000000). Re-sequencing efforts for B. thailandensis and P.
syringae are under NCBI BioProject numbers PRINA402425 and PRINA402424, respectively.
Metabolomics data and transcriptomics data are also available at JGI Genome Portal (188)
under JGI Proposal ID 502921. MZmine XML parameter files for all analyses can be viewed and
downloaded from GitHub (See Dataset 7 at
https://github.com/ShadelLab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets). Large data files (e.g. MZmine project files) are available upon request. Other
datasets are also available on GitHub (See Datasets at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas

ter/Datasets).

Results

Each strain had a distinct exometabolite profile in stationary phase

In total, 10,352 features were detected by mass spectral analysis (Figure 3.1, Table 2)
across the three strains. These features represent what we defined as released exometabolites
(see Methods: Mass spectrometry analysis section). Briefly, released exometabolites were
defined as those that had temporal accumulation (assessed via peak area) in stationary phase.

Most features detected were strain-specific, and the number of unique features from any one
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strain outnumbered the total number of features shared by at least two strains (1494 features,
~16.9%). Of the 1494 shared features, ~12.7% were shared among all three strains. Specifically,
B. thailandensis had the most unique detected features (~41.8%), followed by P. syringae
(~25.2%) and C. violaceum (~18.6%) compared to all detected features. These data suggest that,
despite monoculture growth in minimal medium initially containing one carbon source, an

abundance of strain-specific exometabolites are produced during stationary phase.
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Positive Negative
B. thailandensis P. syringae

C. violaceum

Figure 3.1. Quantification of all features that fit criteria for released in all strains across all

Polar

Nonpolar

polarity/ionization modes.
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Table 3.2. Summary of released exometabolites for each strain

B. C. P.
thailandensis violaceum syringae

Total no. of features 5216 3083 3736
No. of unique features 4327 1922 2609
No. Features in common with B. thailandensis - 367 333
No. Features in common with C. violaceum 367 - 605
No. of features in common with P. syringae 333 605 -
No. of features detected in all strains 189 189 189
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We were interested in understanding differences in exometabolite composition and
exometabolite temporal dynamics over stationary phase (Figure 3.2). Comparing across strains
(Figure 3.2A-D), each strain had strain-specific exometabolite profiles (Adonis 0.590 < r?> <
0.808, P value <0.001, all pair-wise FDR-adjusted P values < 0.001). For each strain,
exometabolite profiles from exponential growth phase were distinct from stationary phase
profiles (Fig 2). Strain differences in released exometabolites were more important than time in
explaining variation in exometabolite composition on both PCoA axes. As expected, strain
identity explained > 57% of the variation while time explained < 6% of the variation across all
polarity/ionization modes (Appendix A Table 3). However, the most variation was explained by
the interaction effect of strain x time (Appendix A Table 3). Thus, exometabolite compositional
differences were mainly driven by the different released exometabolites by the different
strains. This was expected given the large number of unique features detected for each strain

(Table 3.2).
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Figure 3.2. Exometabolite profiles differ by strain and time.
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Figure 3.2 (cont’d)

PCoA plots for polar positive (A), polar negative (B), nonpolar positive (C), nonpolar negative
(D), and combined polar positive + polar negative exometabolites (accounting for 72-77% of
released exometabolites per strain) for B. thailandensis (E), C. violaceum (F), and P. syringae
(G). Each point represents the exometabolite profile (relative contributions assessed by peak
area) for a particular strain at a particular time point. Features were normalized by an internal
standard (ITSD) reference feature and cube root transformed. Bray-Curtis distance metric was
used to calculate dissimilarities between exometabolite profiles. Strain is indicated by shape (B.
thailandensis (e®), C. violaceum (A), P. syringae (m)) and timepoint is indicated by a color
gradient. Error bars are 1 standard deviation around the mean axis scoresof n =2 to 4

replicates destructively sampled from the same strain/time point condition.
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Alternatively, we further looked at the influence of time on exometabolite profiles by
observing exometabolites released by each strain, separately. We considered only those
exometabolites that met our stringent criteria for release and accumulation over time (see
Methods). Notably, with these criteria, some of the same exometabolites were classified as
released for some strains but not for others. In these cases, exometabolites were excluded
from the temporal analysis of any strains for which the release criteria were not met.
Directional temporal dynamics was observed for each strain (Figure 3.2E-G), though continued
directionality was not observed in some of the latest time points (e.g. Figure 3.2F). We define
directional as a progressive, step-wise trajectory between time points, where each time point is
distinguished from any of the previous time points, and even more distinct from previous time
points in PCoA space. This ultimately reflects temporal changes in exometabolite composition.
Temporal trajectories in exometabolite profiles were highly reproducible for each strain across
biological replicates (Protest analyses, Appendix A Table 4). For all strains, the difference
between exometabolite profiles progressively increased when comparing each stationary phase
time point to the initial, exponential phase time point (Appendix A Table 5). But, comparing
successive time points revealed that the greatest differences occurred between the first
stationary phase time point and the exponential phase time point. Notably, dissimilarity
decreased between successive time points in stationary phase such that the latest time points
were more similar to each other than the earliest time points (Appendix A Table 6). For each
strain, the exometabolite profile changed over time (Appendix A Table 7). However, this was
primarily due to differences in exometabolite profiles when comparing the exponential phase

time point to each of the stationary phase time points (Appendix A Table 8). We note that
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hundreds to thousands of features were detected in late stationary phase but were excluded
(see Methods: Mass spectrometry analysis section) from the final dataset of released
exometabolites. We maintained strict criteria for the detection of and accumulation of released
exometabolites over stationary phase. Taken together, these data suggest that differences in
exometabolite composition are largely driven by strain- specific production of exometabolites.
Accounting for all released exometabolites within each strain, similar temporal patterns
emerge, with the largest differences observed between exponential phase and stationary phase

and more subtle differences observed over consecutive time points within stationary phase.

Hierarchal clustering analysis also revealed strain-specific features and their dynamics
(Figure 3.3). Most features across all strains reached maximum accumulation in late stationary
phase. Notably, exometabolites accumulated despite generally steady strain population levels
(Appendix B Figure 7). We did observe ~1 generation in B. thailandensis and P. syringae over
the course of stationary phase but the doubling took 20 h to complete. Dead cells across the
time series remained consistent for both B. thailandensis and C. violaceum but increased for P.
syringae (Appendix B Figure 7). However, the quantity of live cells remained higher than the
guantity of dead cells across the time series for all strains. Largely consistent counts of viable
cells and a lack of death phase suggest that many exometabolites were released by intact cells
rather than by lysis. To add support to this hypothesis, transcriptomics data indicate multiple
organic molecule transporters were either consistently expressed throughout the time series or
differentially expressed (Table 3.3, See Dataset 1 at
https://github.com/ShadelLab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas

ter/Datasets). Notable examples for all strains include various transporters related to dipeptide
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and C-4 dicarboxylate transport. In summary, despite growth arrest, each bacterial strain
continued to produce (and the media accumulated) a distinctive and dynamic profile of

exometabolites into stationary phase.
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Figure 3.3. Released exometabolites and their temporal dynamics.

A heat map of all released exometabolites is shown for A) polar positive, B) polar negative, C)
nonpolar positive, and D) nonpolar negative modes, where samples are columns are
exometabolites are in rows. Each sample is the average of independent time point replicates (n
=2 to 4). Euclidean distance was calculated from Z-scored mass spectral profiles (containing
peak areas). Prior to Z-scoring, features were normalized by an internal standard (ITSD)

reference feature and cube root transformed. Features were clustered by Ward’s method.
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Table 3.3. Summary of RNA-Seq results with focus on genes annotated as transporters®.

B. thailandensis

C. violaceum

P. syringae

Genes involved
in transport

669

465

689

4473

1030 | 20°b<

354° | 1690 | 53%b<

4617 | 136°P

12a,b,c

Genes
annotated as
transporters
related to
dipeptide/C4-
dicarboxylate
transport

26

22

43

172

4a,b Oa,b,c

223 7a,b 1a,b,c

20° 10%b

Oa,b,c

Genes
annotated as
transporters
related to
dipeptide/C4-
dicarboxylate
transport
(transcripts
below LEM)

23

aAbove LEM

bDifferentially expressed (Q-value < 0.01)

‘LFC>1
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Table 3.3 (cont’d)

dCriteria included genes that were a) above the low expression minimum (LEM), b) genes that
were differentially expressed, and c) genes with a stationary phase time point that had a log>

fold change (LFC) > 1 compared to the exponential phase time point.
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Identity of stationary phase exometabolites

Of the total set of exometabolite features, only 188 (~1.8%) could be identified (Figure
3.4, Appendix B Figures 8-10, See Dataset 2 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets). These were classified according to the Metabolomics Standards Initiative (MSI):
MSI level 1 (Identified compounds) and MSI level 2 (putatively identified compounds). Most of
the identified exometabolites were uniquely produced by one strain under our experimental
conditions, though there were some exometabolites shared across strains, especially between
C. violaceum and P. syringae (See Dataset 2 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
ter/Datasets). Many of the identified exometabolites, particularly those molecules involved in
central metabolism, such as amino acids, nucleotides/nucleosides, and carboxylic acids, were
classified using an in-house standard in accordance with MSI level 1. In addition, MSI level 1
exometabolites such as ectoine, proline, trehalose, and glutamate likely indicated a cellular

stress (e.g. osmotic stress).
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Figure 3.4. Released and identified exometabolites and their temporal dynamics.
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Figure 3.4 (cont’d)

A heat map of identified exometabolites in polar positive mode is shown, where samples are
columns are exometabolites are in rows. Each sample is the average of independent time point
replicates (n = 3 or 4). Euclidean distance was calculated from Z-scored mass spectral profiles
(containing peak areas). Prior to Z-scoring, features were normalized by an internal standard
(ITSD) reference feature and cube root transformed. Features were clustered by Ward'’s

method.
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Exometabolites putatively identified at MSI level 2 were annotated by matching MS/MS
fragmentation to a reference database. MSI level 2 exometabolites included secondary
metabolites such as bactobolin, yersiniabactin, and acyl homoserine lactones (AHLs) produced
by B. thailandensis, P. syringae, and C. violaceum, respectively. Bactobolin and yersiniabactin
are bioactive molecules, previously characterized as a bacteriostatic antibiotic (100) and a
siderophore/virulence factor (147), respectively. AHLs induce quorum sensing in C. violaceum,
and are linked to the production of hydrogen cyanide, antibiotics, and proteases (95, 148).
These putatively identified secondary exometabolites suggest that stationary phase is
coordinated with shifts in metabolism, priming strains for competition via chemical warfare or
nutrient scavenging. These data also suggest that a competitive phenotype may be standard
among bacteria even in the absence of non-kin competitors, suggesting either priming for
interspecific competition or engagement in intraspecific competition. This competitive priming
is also supported by the observation of increased transcripts for transport systems involved in
competition. For example, competitive transport systems included the type Il secretion system
in B. thailandensis and multidrug efflux systems for both C. violaceum and P. syringae. When
comparing transcripts between times 45h to 12.5h, the aforementioned transport systems had
a log>-fold change (LFC) in expression > 1. (See Dataset 1 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets). Finally, a large proportion of MSI level 2 exometabolites were dipeptides,
suggesting either the degradation of proteins (58) or the formation of dipeptides by non-
ribosomal peptide synthetases (NRPS), found in biosynthetic gene clusters (See Dataset 3 at

https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
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ter/Datasets). In summary, there was a consistent accumulation of a diversity of
exometabolites in stationary phase, including exometabolites that were intermediates in

central carbon metabolism as well as secondary metabolites implicated in competition.

To maximize annotation of remaining unidentified MS/MS data, we performed chemical
ontology analysis to determine chemical classes of exometabolites produced in stationary
phase. Using in silico prediction of exometabolites by MS/MS fragmentation patterns, we
putatively characterized compound classes (MSI level 3 designation). Broadly, carboxylic acids
and derivatives were the most abundant type of exometabolite produced in stationary phase
for all strains (Figure 3.5A). This is expected because carboxylic acid derivatives are prominent
in cellular constituents and molecules involved in primary metabolism (e.g. TCA cycle). Their
excess production, and release to relieve internal accumulation, may be due to stoichiometric
constraints in metabolic network topology (149). However, MSI level 3 exometabolites revealed
considerable quantification of exometabolites related to fatty acyls, organonitrogen
compounds, organooxygen compounds, and benzene and substituted derivatives, suggesting
additional classes of exometabolites contributing to the exometabolite pool that are unable to
be identified by MSI level 1 and level 2 standards. These chemical ontologies were resolved
further to the direct parent level (Figure 3.5B). Amino acids and peptides were the most
abundant and common exometabolites across all identification levels. In particular, dipeptides
were the most abundant exometabolite. Transcriptomics data also indicated that dipeptide
transporters for each strain were either consistently expressed or differentially expressed over
time (Table 3.3, See Dataset 1 at

https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
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ter/Datasets). In summary, chemical ontology analysis revealed chemical classes represented
in the exometabolite dataset but lacking identification and, revealed that dipeptides were a

common exometabolite released by all strains.
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Figure 3.5. Chemical ontologies at different MSI levels.

ClassyFire was used to categorize identified (MSI level 1 and level 2) and in silico predicted
MS/MS data (MSI level 3) at the A) class and B) direct parent levels. Identification confidence
1,2, and 3 refers to Metabolomics Standards Initiative (MSI) identification levels 1, 2, and 3,
respectively. The top ten chemical ontologies are provided for each classification level.
Chemical ontologies for panel A: 1) Azoles, 2) Benzene and substituted derivatives, 3) Carboxylic
acids and derivatives, 4) Diazines, 5) Fatty Acyls, 6) Imidazopyrimidines, 7) Organonitrogen
compounds, 8) Organooxygen compounds, 9) Purine nucleosides, 10) Pyridines and derivatives.
Chemical ontologies for panel B: 1) Alpha amino acids, 2) Dipeptides, 3) Hydroxybenzoic acid

derivatives, 4) Hydroxypyrimidines, 5) Medium-chain fatty acids, 6) N-acyl-alpha amino acids, 7)
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Figure 3.5 (cont’d)

N-acyl-alpha amino acids and derivatives, 8) Peptides, 9) Purine nucleosides, 10) 6-

alkylaminopurines.
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Insights into stationary phase metabolic re-routing

We then aimed to interpret strain metabolism in stationary phase by focusing on
exometabolites most confidently identified (MSI level 1). For each strain, we examined the 10
most abundant exometabolites that accumulated and were detected at the last time point (45
h) for positive and negative polar exometabolites. We included all MSI level 1 exometabolites in
this analysis. Generally, the abundant, accumulated exometabolites that were distinct for each
strain were also uniquely detected in those strains (Figure 3.6, ANOVA, all Q-values <0.01),
with two exceptions: 5’-methylthioadenosine and hypoxanthine were also abundant in
Chromobacterium violaceum media but not within its top 10 accumulated exometabolites.
Transporters that had a log;-fold change (LFC) in expression (comparing times 45h to 12.5h) > 1
could be linked with their substrates for both C. violaceum and P. syringae (See Dataset 1 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
ter/Datasets). This included substrates such as succinate and cytosine for C. violaceum and P.
syringae, respectively. None of the most abundant exometabolites in B. thailandensis could be
linked to a transporter with a large LFC. The majority of strain-specific abundant exometabolites
suggest that each strain released a set of unique metabolic intermediates into the extracellular
environment. This finding could have implications for how bacterial populations maintain
viability through interspecies interactions in periods of nutrient exhaustion. Perhaps a simple
explanation for differences in the types of exometabolites released could result from

differences in the alteration of stationary phase metabolism.
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Figure 3.6. Distinctions and overlaps between the most abundant exometabolites in each

strain.

Exometabolites in bold passed criteria for released. Exometabolites in italics are isomers and

could not be resolved to determine the exact identification.
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Of the most accumulated exometabolites, succinate was a common exometabolite
detected in all strains, and this is unsurprising as it is directly involved in central metabolism.
Notably, succinate did not meet our stringent definition of released and accumulating over
stationary phase (Figure 3.6). However, its abundance and accumulation for all strains and its
important role in central metabolism warranted further investigation. We overlaid temporal log
fold changes in gene expression onto KEGG pathways involved in succinate production (Figure
3.7). These data suggest that all strains re-routed metabolism during stationary phase. For the
most part, transcripts involved in glycolysis and the TCA were decreased in all strains (KEGG
Pathways). With regard to succinate production, both B. thailandensis and C. violaceum appear
to have re-routed metabolism to use the glyoxylate cycle, as supported by the increase in
transcripts for isocitrate lyase and increase in transcripts involved in the B-oxidation of fatty
acids. P. syringae appears to have re-routed metabolism to use the methylcitrate cycle to
generate succinate, as evidenced by the increase in transcripts for 2-methylisocitrate lyase.
Other potential sources of succinate production include the GABA shunt and succinyl-
CoA:acetate CoA-transferase in both B. thailandensis and P. syringae. In all strains, stationary
phase results in exometabolite production that appears to coincide with alterations in

metabolism.

96


https://github.com/ShadeLab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/master/RNAseq/KeggPathway
https://github.com/ShadeLab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/master/RNAseq/KeggPathway

A Glucose

Phosphoenolpyruvate

ADP
(m ‘
ATPA/ Fatty Ac!d LFC
Degradation
GDP m Pyru
GTP naD+ T m NADH + FADH2 1
i ‘V
E'ﬁ m —
Acetyl-CoA‘ Acetyladenylate
Oxaloac itrate PPi
NADH [m m
[ A AP 0
nap+—" [ [m =

-4—4Glyoxylate ‘Isocitrate‘
sl |

" R
m W -
‘Succinate‘ i ‘Succinyl»CoA‘
FADH2 FAD NAD(P)HS‘H]]] -1
mm NAD(P)+ mm
‘4-aminobutanoale‘<—>l Succinate semialdehyde l Ethanol
B
Phosphoenolpyruvate
NAD+
ADP NADH
g o [cate oty o
= Pyruvate 1l | ; Degradation

NaD+_ [Tl NADH + FADH2
naon4’| [l AW
[Acety-GoA] (Im
Acetyl-CoA | Acetyladenylate
Oxaloac: itrate PPi
I

NADH (Im A TP
NAD+ m [m
Hﬁ{elyoxylate‘ ‘Isocitrate‘ E@
m _— NADH
m [ 1] A NAD+
Fumarate T [0\ NADPH

FADH2 FAD

NAD+ NADH

‘L-Glutamate‘ mm ‘Z-Oxog\utarate‘ ‘Ethanol‘

c

I v
L- Serine Pyruvate | |Formate| ~ FAD  FADH2
[ sernef Pyt £

ATP mm Acetate
m| " oim oo
ADP mm
Propionyl-CoA 1 A Nap+
Oxaloacetate 2-methylcitrate Ethanol
FADH2

FAD%:[H HI[H

[m
E)-2- i

(IID; [
1] v

‘Fumarate‘ ‘F’yruvate‘ ‘(Z)-2-methylaconitate ‘ Hmu

FADHZASQIJE Dmy Acetyl phosphate
FAD ADP
Succinate (I 2-methylisocitrate M:KATP
e o]

NAD(P)+

Succinate semialdehyde

Figure 3.7. Temporal changes in transcriptomics reveal re-routing of metabolism towards

succinate production.
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Figure 3.7 (cont’d)

Log2-fold change (LFC) values were mapped onto pathways involved in succinate production for
a) B. thailandensis, b) C. violaceum, and c) P. syringae. LFC values are represented by rectangles
alongside each reaction in the pathway map. Each column represents the 5 stationary phase
time points. Colors within each rectangle represent LFC (green-increased transcripts, red-

decreased transcripts) compared to the exponential phase time point.
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Discussion

Microbes can experience a feast-or-famine lifestyle in environments (e.g. soil, activated
sludge, in the gut) where long periods of starvation are punctuated by short periods of nutrient
flux (54-56, 134-137). Thus, microbes in particular environments predominantly exist in
stationary phase. Understanding the metabolic response to stationary phase can reveal
generalities as well as strain-specific strategies to maintain viability in nutrient-exhausted

environments.

We studied exometabolite production in stationary phase across three bacterial strains.
We specifically focused our analyses on released exometabolites, metabolites that accumulated
in the medium over time. Even though we applied a very conservative definition to identify
features that accumulated over time, we detected and characterized thousands of features that
met our criteria. However, in the end, only a subset of these features could be identified using
standards, MS/MS databases, and computational predictions based on chemical characteristics
(Figure 3.4, Appendix B Figures 8-10, See Dataset 2 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas

ter/Datasets).

Exometabolites could accumulate over stationary phase by two mechanismes. First,
exometabolites could be transported passively or actively across viable cells’ membranes.
Second, cells could lyse and spill primary metabolites and other debris into extracellular
environment (150). Our results suggest that a major contributing factor to exometabolite

accumulation for all three strains investigated here was exometabolite release from intact cells.
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In fact, we did not observe a death phase over stationary phase (Appendix B Figure 7). Live cells
generally remained at consistent levels throughout stationary phase. One generation during
stationary phase was observed for both B. thailandensis and P. syringae. Given the decrease in

transcripts observed for multiple genes in central metabolism (KEGG Pathways), this generation

was likely the result of reductive cell division (151-153). Dead cells were present and in
particular, increased for P. syringae throughout the time course. While dead cells could leak
exometabolites, the accumulation of certain exometabolites (e.g. secondary metabolites) were
identified and have been previously associated with production from viable cells in stationary
phase cultures from each strain (100, 147, 148) Furthermore, our results are consistent with a
previous study in E. coli that observed the extracellular accumulation of nucleobases upon
entry into stationary phase (142). Ribosome degradation is initiated in growth-limiting
environments and is a likely source of nucleobase accumulation due to the degradation of rRNA
(154). We also observed the accumulation of various nucleobases in the extracellular
environment across all strains, consistent with the concept of some common stationary phase
phenomenon among bacteria. Additional evidence of exometabolite release from intact cells
was provided by RNA-seq analysis. Transcriptomics results indicated the increase in transcripts
for or consistent expression of transporters (See Dataset 1 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets). In a previous study, Paczia et al. also observed similar patterns of exometabolite
accumulation in stationary phase in various strains (155). They were able to rule out lysis and
determine that passive or active diffusion could explain exometabolite production in growth

limited conditions. In integrating transcriptomics with exometabolomics, our study builds on
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the findings of Paczia et al. to identify transporters likely involved in exometabolite
accumulation and to provide insights into alterations in stationary phase metabolism. Findings
from our work and from Paczia et al. in agreement with metabolic models that suggest that the
extracellular accumulation of central metabolites could be attributed to costless metabolic
secretions in resource poor environments (144). Unintuitively, the release of exometabolites by
viable cells, and, particularly, release of central carbon intermediates, may be a common
adaptation of bacteria in stationary phase. An interesting explanation is that the stoichiometry
of metabolites is constrained by evolved metabolic network topology: some metabolites could
be produced in excess to meet all metabolite requirements for a bacterium. Fitness tradeoffs of
metabolite overproduction (e.g. toxic accumulation) could be alleviated through metabolite

efflux (149).

In addition to the characterization of exometabolites implicated in cooperative
interactions (e.g. central carbon intermediates or quorum sensing molecules), we also
identified exometabolites implicated in competition. An antibiotic (bactobolin), with previously
described bioactivity (145, 100, 156), was produced by B. thailandensis and a
siderophore/virulence factor (yersiniabactin) was produced by P. syringae (147), representing
interference (direct harm to neighbors) and exploitative (indirect negative interaction)
competition strategies, respectively (157, 158). These exometabolites are involved in
interspecies competition but, here, were produced in monoculture. While we did not identify
an exometabolite in C. violaceum involved in competition, we did identify quorum sensing
molecules, which are linked to the production of competitive exometabolites in this strain (95,

148). Taken together, the metabolic profile in each strain was altered in stationary phase and
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resulted in production of both cooperative and competitive exometabolites. Simultaneous
production of both cooperative and competitive exometabolites may be an advantageous
strategy to sustain kin while maintaining competition for scarce resources (23, 144). Additional
studies that include co-coculturing experiments are needed to understand the impact that
these exometabolites may have on ecological dynamics and these interplay of biotic factors

under changing environmental conditions.

Putative (MSI level 2) exometabolite identifications provided evidence for the release of
dipeptides (Figure 3.5B) and transcriptomics provided evidence for differentially regulated or
consistent expression of dipeptide transporters (See Dataset 1 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites_2020/tree/mas
ter/Datasets). Hydrolysis by dipeptidyl peptidases of ribosomal proteins or degradation of other
polypeptide chains can be one source of dipeptide production. Estimates in E. coli have shown
that 50-80% of ribosomes were degraded upon transition from exponential phase to stationary
phase (154). Interestingly, another source of dipeptides may be active production. Recent
studies have examined dipeptide formation by adenylation domains in nonribosomal peptide
synthetases (NRPS) (159, 160). All strains in our study have numerous NRPS that could
contribute to the production of dipeptides (See Dataset 3 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
ter/Datasets). Furthermore, one dipeptide was characterized as a cyclic dipeptide. Cyclic
dipeptides can be involved in cell communication (161). Thus, the diverse chemical ecology that
can be facilitated by dipeptides points to the importance of understanding how dipeptides are

formed and of characterizing the environments that induce their production.
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A clear limitation to our study is in the incomplete exometabolite annotations. Only
1.8% of released exometabolites could be identified. While exact molecule identifications are
lagging behind the identification of new features, efforts have been put forth to chemically
classify all MS/MS data (162). We used the same approach to computationally predict and
classify the chemical ontology of MS/MS data not identified at MSI level 1 or level 2 (Figure
3.5). Differences between in silico predictions of MS/MS data (MSI level 3) and MSlI levels 1 and
2 was most apparent at the class level (Figure 3.5A). This knowledge can be used to direct
research efforts and analytical techniques to identify underrepresented classes of compounds.
Targeted identification efforts of exometabolites will reveal uncharacterized biological

phenomena occurring in experimental systems.

Microbes in growth-arrested states can re-route metabolism to maintain the proton
motive force (PMF) and stabilize ATP levels (52). We used a combination of exometabolomics
and transcriptomics to shed light on metabolic re-routing in each strain investigated. Notably,
all three strains accumulated high levels of succinate, and this was further supported by RNA-
seq data that showed an increase in transcripts in genes involved in succinate production
(Figure 3.7). We found that the major metabolic re-routing in stationary phase included
transitioning to the glyoxylate cycle in B. thailandensis and C. violaceum and to the
methylcitrate cycle in P. syringae. This finding, specifically for B. thailandensis, agrees with
previous studies in B. thailandensis and closely related strains. Previous studies found quorum-
sensing mediated metabolic re-routing to the glyoxylate cycle during stationary phase in B.
thailandensis and Burkholderia glumae as a mechanism to combat alkalinity toxicity (163, 164).

Furthermore, the greatest increase in isocitrate lyase was observed in Burkholderia cenocepacia
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during stationary phase compared to other abiotic stressors (165). This supports the notion that
a re-routing metabolism to the glyoxylate cycle in stationary phase may be a shared feature
among members of the genus Burkholderia. Prior evidence for stationary phase metabolic re-
routing in both C. violaceum and P. syringae is lacking. However, a metabolic model in C.
violaceum ATCC 12472 suggested metabolic re-routing to the glyoxylate cycle occurred in
response to antibiotics in a streptomycin-resistant population (166). In support of succinate
extracellular accumulation, we found that C4-dicarboxylic acid transporters were
transcriptionally active in all three strains (See Dataset 1 at
https://github.com/Shadelab/Paper_Chodkowski_MonocultureExometabolites 2020/tree/mas
ter/Datasets). It could be that succinate export is facilitated by a succinate/proton symporter
for maintenance of the PMF. However, both cycles involved in succinate production do not
generate ATP, and the generation of ATP is are also necessary to maintain cell viability. While
ATP could be generated through the production of acetate (Figure 3.7), we note that we did not
guantify acetate and therefore are unable to confirm this scenario. Additional studies are
needed to confirm the mechanisms of maintaining cell viability during stationary phase.
Regardless, combining exometabolomic and transcriptomic approaches provided increased
biological interpretation that could not have been achieved by either approach in isolation. The
characterization of exometabolite production and metabolic response to stationary phase in
monocultures sets the stage for understanding exometabolite-mediated interspecies

interactions within a microbial community.
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CHAPTER 4 : Bioactive exometabolites involved in competition strategies drive community
member dynamics over stationary phase
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Abstract

Some environments (e.g. soils) impose a stationary phase lifestyle, where microbes
experience long periods of non-growth because of nutrient inaccessibility or short periods of
nutrient flux. However, microbes can produce a diverse array of exometabolites in stationary
phase that can shape the response and behaviors of surrounding neighbors in a microbial
community. Knowledge gaps remain regarding the role of interspecies interactions in microbial
communities, specifically the influence of exometabolite-mediated interactions during
stationary phase. We evaluated the consequences of exometabolite interactions over
stationary phase among three environmental bacteria: Burkholderia thailandensis E264 (ATCC
700388), Chromobacterium violaceum ATCC 31532, and Pseudomonas syringae pv. tomato
DC3000 (ATCC BAA-871). We grew each strain in monoculture and all coculture arrangements
(3 pairwise cocultures and the 3-member community) in synthetic communities to investigate
the responses (transcripts) and behaviors (exometabolites) of each member resulting from
coculturing. We found that members’ transcriptional dynamics were altered due to coculturing.
These alterations could be attributed to the production and response to bioactive
exometabolites involved in competition strategies. B. thailandensis had the largest influence on
other synthetic community members, as it proactively responded to coculturing by
upregulating biosynthetic gene clusters involved in the production of bioactive exometabolites.
We also found that members’ outcomes in the 3-member community were not always a simple
summation of pairwise outcomes. These results reflect the importance of understanding how
the maintenance of competitive strategies over stationary phase may contribute to community

member dynamics during long periods of non-growth. These results also imply that bacterial
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responses and behaviors in more complex communities may not always be the sum of

individual effects.

Introduction

Bacteria interact with other bacteria and their environment within complex, multi-
species communities. Bacterial interactions rely on the ability to sense and respond to both
biotic and abiotic stimuli (189, 190). These stimuli can alter bacterial behaviors (191, 192), and
ultimately, can also alter community functioning (193, 194). There is much evidence that
bacterial taxa interact in the environment, as inferred from relatively strong co-occurrences
(195, 196). And, it is expected that interspecies interactions play an important role in shaping
microbial community dynamics (197). However, multiple stimuli in the environment make it
difficult to disentangle influences for microbial community dynamics (198). Efforts to
characterize interspecies interactions are important to understand how they shape microbial

communities (76).

Interspecies interactions can be facilitated through small molecules (1). Extracellular
small molecules are collectively referred to as exometabolites (2, 3, 5). Depending on the
exometabolite produced, these molecules can mediate interspecies interactions that range
from competitive to cooperative (86). Of these interaction types, competition has been shown
to have a major influence in structuring microbial communities (23, 199, 200). Thus,
competitive interactions that are mediated by exometabolites are also expected to influence to

microbial community dynamics. In addition, different types of exometabolites can be employed
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by bacteria to gain advantage in both exploitative (e.g. nutrient scavenging) and interference

(direct cell damage) categories of competition.

Traditionally, competition has been viewed through the lens of resource acquisition
(201). In these studies, competitiveness is modeled with respect to yield given resource
consumption and growth (202, 203). However, competition for survival or maintenance may be
just as important as competition for yield, especially during periods of resource limitation (204,
205). Competition for maintenance is likely prevalent in environments, such as soils, sequencing
batch reactors, and the human gut, that experience long periods of nutrient famine punctuated
by short periods of nutrient influx (55, 89, 136, 206). The stationary phase of a bacterial growth
curve falls within this context of growth cessation, and pulses of nutrients may be transiently
available as cells die and lyse (necromass), while the total population size remains stagnant.
Stationary phase is often coordinated with a metabolic shift to secondary metabolism (53, 207).
Therefore, an effective “maintenance” competitor may produce bioactive exometabolites, like
antibiotics, which are often produced as a result of secondary metabolism. In particular,
bacteria can activate biosynthetic gene clusters (BSGCs) to produce bioactive exometabolites
(6). The activation of BSGCs is closely tied to stress responses, suggesting that bacteria can
sense the stress of competition (24, 208). While it is known that certain exometabolites can
trigger BSGC upregulation and, more generally alter transcription (209), there is much to
understand about the outcomes of interspecies interactions for BSGCs in multi-member

microbial communities.

Here, we build on our previous research to understand how exometabolite-mediated

interactions among bacterial neighbors contribute to community outcomes in a simple, three-
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member community (Table 4.1). These three members are commonly associated with
terrestrial environments (soils or plants) and were chosen because of reported (145) and
observed interspecies exometabolite interactions in the laboratory. We used a synthetic
community approach (42) by applying our previously described transwell system (146), which
allows for evaluation of “community goods” within a media reservoir that is shared among
members. The members’ populations are physically isolated by membrane filters at the bottom
of each transwell, but can interact chemically via the reservoir. In our prior work, we
investigated each member’s exometabolites and transcription over stationary phase, and the
objective was to understand monoculture responses (in minimal glucose media) before
assembling the more complex 2- and 3- member communities. We found that each member in
monoculture produced a variety of exometabolites in stationary phase, including bioactive
molecules involved in competition (210). In this work, we build to 2- and 3- member
arrangements to ask: How do members interact via exometabolites in simple communities
during maintenance (stationary phase), and what are the competitive strategies and outcomes
of those interactions? What particular genetic pathways, molecules, and members drive the
responses? Which outcomes in 3-member community are predicted by the 2-member

communities, and which are “greater than the sum of its parts”?

We found that B. thailandensis had a major influence on the transcriptional responses of
both C. violaceum and P. syringae. This influence could be attributed to competition, which we
defined as the enhancement of both interference and exploitative competition strategies.
Furthermore, this resulted in non-additive transcriptional responses and exometabolite

production, particularly for B. thailandensis with respect to BSGCs. These findings show that
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diverse competitive strategies can be deployed even when bacterial neighbors are surviving
rather than exponentially growing. Therefore, we suggest that contact-independent,
exometabolite-mediated interference and exploitation are important competitive strategies in

resource-limited environments and also support the non-yield outcome of maintenance.
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Table 4.1.Bacterial members used in the SynCom system.

Member Burkholderia Chromobacterium Pseudomonas
thailandensis E264 violaceum ATCC syringae pv. tomato
31532 DC3000
Genome size (Mb) 6.72 4.76 6.54
Family Burkholderiaceae Neisseriaceae Pseudomonadaceae
No. of CDSs? 5639 4393 5576
Chromosomes 2 1 1
Plasmids 0 0 2

aCDSs, Coding sequences.
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Materials and Methods

Bacterial strains and culture conditions

Freezer stocks of B. thailandensis, C. violaceum, and P. syringae were plated on half-
concentration Trypticase soy agar (TSA50) at 27°C for at least 24 h. Strains were inoculated in 7
ml of M9-0.2% glucose medium and grown for 16 h at 27°C, 200 rpm. Cultures were then
diluted into 50 ml M9-0.2% glucose medium such that exponential growth phase was achieved
after 10 h of incubation at 27°C, 200 rpm. Strains were then diluted in 50 ml M9 glucose
medium to target ODs (B. thailandensis 0.3 OD, C. violaceum: 0.035 OD, P. syringae 0.035 OD)
such that stationary phase growth would be achieved by all members within a 2 h time frame
after 24 h incubation in the transwell plate. The glucose concentration in the final back-dilution
varied upon community arrangement- 0.067% for monocultures, 0.13% for pairwise cocultures,
and 0.2% for the 3-member community. For each strain, 48 ml of back-diluted culture was
transferred as 4 mL aliquots in 12, 5 mL Falcon tubes prior to transferring them into the

transwell plate.

Synthetic community experiments

Transwell plate preparation was performed as previously described (146). Briefly, we
used sterile filter plates with 0.22-um-pore polyvinylidene difluoride (PVDF) filter bottoms
(Millipore MAGVS2210). Prior to use, filter plates were washed three times with sterile water
using a vacuum apparatus (NucleoVac 96 vacuum manifold; Clontech Laboratories). The filter of
well H12 was removed with a sterile pipette tip and tweezer, and 31 ml of M9 glucose medium

was added to the reservoir through well H12. The glucose concentration in the reservoir varied
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upon community arrangement- 0.067% for monocultures, 0.13% for pairwise cocultures, and
0.2% for the 3-member community. Each well was then filled with 130 uL of culture or medium.
For each plate, a custom R script (RandomArray.R [see the GitHub repository]) was used to
randomize community member placement in the wells so that each member occupied a total of
31 wells per plate. In total, there were 7 community conditions- 3 monocultures, 3 pairwise
cocultures, and the 3-member community. A time course was performed for each replicate. The
time course included an exponential phase time point (12.5 h) and 5 time points assessed every
5 h over stationary phase (25 h — 45 h). Four biological replicates were performed for each
community condition for a total of 28 experiments. For each experiment, 6 replicate filter
plates were prepared for destructive sampling for a total of 168 transwell plates.

Filter plates were incubated at 27°C with gentle shaking (~0.32 rcf). For each plate, a
custom R script (RandomArray.R [see the GitHub repository]) was used to randomize wells for
each organism assigned to RNA extraction (16 wells) and flow cytometry (5 wells). The following
procedure was performed for each organism when a transwell plate was destructively sampled:
i) wells containing spent culture assigned to RNA extraction were pooled into a 1.5 mL
microcentrifuge tube and flash frozen in liquid nitrogen and stored at -80 until further
processing. ii) 20 uL from wells assigned for flow cytometry were diluted into 180 L Tris-
buffered saline (TBS; 20 mM Tris, 0.8% NaCl [pH 7.4]). In plate arrangements where P. syringae
was arrayed with B. thailandensis, P. syringae had a final dilution of 70-fold in TBS. In plate
arrangements where P. syringae was arrayed in monoculture or in coculture with C. violaceum,
P. syringae had a final dilution of 900-fold in TBS. Final dilutions for B. thailandensis and C.

violaceum were 1,300-fold and 1,540-fold, respectively. iii) Spent medium (~31 ml) from the
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shared reservoir was transferred to 50 mL conical tubes, flash-frozen in liquid nitrogen and

stored at -80 °C prior to metabolite extraction.

Flow cytometry

Diluted cultures were stained with the Thermo Scientific LIVE/DEAD BacLight bacterial
viability kit at final concentrations of 1.5 uM Syto9 (live stain) and 2.5 uM propidium iodide
(dead stain). Two hundred microliters of stained cultures were transferred to a 96-well
microtiter U-bottom microplate (Thermo Scientific). Twenty microliters of sample were
analyzed on a BD Accuri C6 flow cytometer (BD Biosciences) at a fluidics rate of 66 pl/min and a
threshold of 500 on an FL2 gate. The instrument contained the following optical filters: FL1-533,
30 nm; FL2-585, 40 nm; and FL3, 670-nm longpass. Data were analyzed using BD Accuri Cé

software version 1.0.264.21 (BD Biosciences).

RNA extraction

RNA was extracted using the E.Z.N.A. Bacterial RNA kit (Omega Bio-tek, Inc.). An in-tube
DNase | (Ambion, Inc AM2222, 2U) digestion was performed to remove DNA from RNA samples.
RNA samples were purified and concentrated using the Qiagen RNAeasy MinElute Clean up Kit
(Qiagen, Inc). Ten random samples were chosen to assess RNA integrity on an Agilent 2100

Bioanalyzer.
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RNA sample prep, sequencing, QC, read preprocessing, and filtering

Standard operating protocols were performed at the Department of Energy Joint

Genome Institute as previously described (210).

Pseudoalignment and counting

Reads from each library with pseudoaligned to the transcriptome of each strain with
kallisto (172). Raw counts from each library were combined into a gene count matrix for each

strain. The gene count matrix was used for downstream analyses.

Quality filtering and differential gene expression analysis

Count matrices for each member were quality filtered in two steps: genes containing 0
counts in all samples were removed, and genes with a transcript count of <10 in more than 90%
of samples were removed. DESeq2 (173) was used to extract size factor and dispersion
estimates. These estimates were used as external input into ImpulseDE2 for the analysis of
differentially regulated genes (211). Case-control (Cocultures-monoculture control) analyses
were analyzed to identify both permanent and transient regulated genes at an FDR-corrected
threshold of 0.01. For each member, differences in gene regulation between the three
coculture conditions was visualized with venn diagrams using the VennDiagram package.

The initial differential gene expression analysis compared each coculture to the
monoculture control, separately. It was revealed that were was a subset of genes that were
only differentially expressed in the 3-member community. These genes were parsed from the

dataset and used to perform two additional analyses in ImpulseDE2. Case-control analyses
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were performed to analyze differential expression between the 3-member community to each
of the pairwise cocultures as controls. Functional enrichment analysis was performed on the
collection of genes determined to have unique differential expression in the 3-member

community using the BINGO package (212) in Cytoscape.

COG analysis

Protein fasta files were downloaded from NCBI and uploaded to eggNOG-mapper v2

(http://eggnog-mapper.embl.de/) to obtain Clusters of Orthologous Groups (COG) categories.

Genes corresponding to COGs were categorized as upregulated or downregulated based on

their temporal expression patterns and plotted using ggplot2.

RNA-seq principal coordinates analysis and statistics

We extracted genes that were differentially expressed with an FDR-corrected threshold
of < 0.01 and a log2 fold-change >1 or < -1. A variance-stabilizing transformation was performed
on normalized gene matrices using the rlog function in DESeq2. A distance matrix based on the
Bray-Curtis dissimilarity metric was then calculated on the variance-stabilized gene matrices
and principal coordinates analysis was performed using the R package vegan. Principal
coordinates were plotted using ggplot2. Coordinates of the first two PCoA axes were used to
perform Protest analysis using the protest function in vegan. Dissimilarity matrices were used
to perform PERMANOVA and variation partitioning and using the adonis and varpart functions
in vegan, respectively. The RVAideMemoire package was used to perform a post-hoc pairwise

PERMANOVA:s.
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Circos plots

A subset of the top ~500 of differentially regulated genes was determined for each
member by assessing differential expression in the 3-member community. A log2 fold-change
(LFC) cutoff of at least > 1.5 or < -1.5 was used to capture both upregulated and downregulated
genes. The LFC threshold needed to be met in at least one timepoint. We then filtered these
genes by those that had differential expression with a significance cutoff of < 0.01 (FDR
corrected). P. syringae genes encoded on plasmids were an exception. We extracted all coding
sequence genes from both plasmids because the entirety of each plasmid could be visualized
on a Circos plot with high resolution. From these genes of interest, a variance-stabilizing
transformation was performed on normalized gene matrices using the rlog function in DESeq2
and Z-scored on a per gene basis. Circular genome plots were generated in Circos version 0.69-
5. Pseudo-genes composed of the minimum and maximum Z-scores were added to each of four
tracks to make the Z-score color scale comparable across all community arrangements.
Functional enrichment analysis was performed on the collection of genes within each P.

syringae plasmid using the BiINGO package in Cytoscape.

Biosynthetic gene cluster (BSGC) analysis

NCBI accession numbers were uploaded to antiSMASH 6 beta bacterial version (213) to
identify genes involved in BSGCs using default parameters. Where possible, literature-based
evidence and BSGCs uploaded to MIBiG (214) were used to better inform antiSMASH
predictions. Log2 fold-changes (LFCs) were calculated for all predicted biosynthetic genes

within each predicted cluster by comparing coculture expression to monoculture expression at
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each time point. Average LFCs were calculated from all predicted biosynthetic genes within a
predicted BSGC at each time point. Temporal LFC trends were plotted using ggplot2. An
upregulated BSGC was defined as a BSGC that had at least two consecutive time points in

stationary phase with a LFC > 1.

Network analysis

Unweighted co-expression networks were created from quality filtered and
normalized expression data. Networks were generated for pairwise cocultures containing B.
thailandensis. First, data were quality filtered as previously described (See section: Quality
filtering and differential gene expression analysis). Then, normalized expression data was
extracted from DESeq2. Biological replicates for each member within each timepoint were
averaged by mean. Interspecies networks were then inferred from the expression data using
the context likelihood of relatedness (215) algorithm within the R package Minet (216). Gene
matrices for each coculture pair were concatenated to perform the following analysis. Briefly,
the mutual information coefficient was determined for each gene-pair. To ensure robust
detection of co-expressed genes, a resampling approach was used as previously described
(217). Then, a Z-score was computed on the mutual information matrix. A Z-score threshold
of 4.5 was used to determine an edge in the interspecies network. Interspecies networks
were uploaded into Cytoscape version 3.7.1. for visualization, topological analysis, and
enrichment analysis (218).

Gene annotation and gene ontology files were obtained for B. thailandensis, P. syringae,

and C. violaceum for enrichment analyses. For B. thailandensis, annotation and ontology files
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were downloaded from the Burkholderia Genome Database (https://www.burkholderia.com).

For P. syringae, annotation and ontology files were downloaded from the Pseudomonas

Genome Database (http://www.pseudomonas.com/strain/download). Annotation and ontology

files for C. violaceum were generated using Blast2GO version 5.2.5 (219). InterProScan (220)
with default parameters were used to complement gene annotations from C. violaceum. GO
terms were assigned using Blast2GO with default parameters. In addition, genes involved in
secondary metabolism were manually curated and added to these files as individual GO terms.
These genes were also used to update the GO term G0:0017000 (antibiotic biosynthetic
process), composed of a collection of all the biosynthetic genes. (See section: Biosynthetic gene
cluster analysis).

Topological analysis was performed as follows: Nodes were filtered from each coculture
network to only select genes from one member. The GLay community cluster function in
Cytoscape was used to determine intra-member modules. Functional enrichment analysis was
then performed on the modules using the BiINGO package in Cytoscape.

To determine interspecies co-regulation patterns, we filtered network nodes that
contained an interspecies edge. Functional enrichment analysis was performed on the
collection of genes containing interspecies edges for each member using the BiINGO package in
Cytoscape. Modules of interest (e.g. thailandamide and malleilactone) were filtered in
Cytoscape for visualization. The biosynthetic gene cluster organization of thailandamide and
malleilactone were obtained from Mlbig and drawn in InkScape.

Protein sequences from an interspecies gene of interest from the thailandamide module

cluster (CLV_2968) and an interspecies gene of interest from the malleilactone module cluster
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(PSPTO_1206) were obtained. A protein blast for each protein was run against B. thailandensis
protein sequences. B. thailandensis locus tags were extracted from the top blast hit from each
run. Normalized transcript counts for these 4 genes of interest were plotted in R. Time course

gene trajectories were determined using a loess smoothing function.

Non-additive gene expression

The quality filtered and normalized expression matrix from each community member
was used to extract log2 fold-change (LFC) values within DESeq2. LFCs were calculated by
comparing transcript counts from each time point to its respective time point in the
monoculture condition. LFCs were converted to fold-changes (FC). Non-additive outcomes were
determined based on the null expectation that FCs in the 3-member community should reflect a
summation of FCs from the pairwise cocultures. The thresholds for assigning a gene as non-

additive upregulation was as follows:

(TM/MC)/(PWC1/MC+PWC2/MC) >1.2

Where TM are the gene counts in the 3-member community, MC are the gene counts in the
monoculture condition, and PWC1/PWC2 are the gene counts in the pairwise coculture
conditions 1 & 2, respectively. Non-additive gene expression patterns were determined at each
time point and plotted using ggplot2. Venn diagrams were also created to analyze the patterns

of non-additivity across the time series and between the exponential phase time point and
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stationary phase times points. Functional enrichment analysis was performed on the collection

of genes determined to have non-additive upregulation using the BINGO package in Cytoscape.

LCMS sample preparation and data acquisition

Standard operating protocols were performed at the Department of Energy Joint

Genome Institute as previously described (210).

Feature detection

MZmine2 (167) was used for feature detection and peak area integration as previously
described (210). Select exometabolites were identified in MZmine2 by manual observation of
both MS and MS/MS data. We extracted quantities of these identified exometabolites for

ANOVA and Tukey HSD post-hoc analysis in R.

Feature filtering and HM visualization

We filtered features in three steps to identify coculture-accumulated exometabolites.
The feature-filtering steps were performed as follows on a per-member basis: (i) retain features
where the maximum peak area abundance occurred in a coculture community arrangement ;
(ii) a noise filter, the minimum peak area of a feature from a replicate at any time point needed
to be 3 times the maximum peak area of the same feature in one of the external control
replicates, was applied; (iii) coefficient of variation (CV) values for each feature calculated

between replicates at each time point needed to be less than 20% across the time series.

121



Four final feature data sets from polar and nonpolar analyses in both ionization modes were
analyzed in MetaboAnalyst 5.0 (221). Features were normalized by an ITSD reference feature
(see Dataset 5

at https://github.com/ShadelLab/Paper Chodkowski MonocultureExometabolites 2020/tree/

master/Datasets) and cube root transformed. Reference features for polar analyses in positive

([13C,15N]proline) and negative ([13C,15N]alanine) modes were determined by the ITSD with
the lowest CV value across all samples. The reference feature for nonpolar data sets was the
ITSD ABMBA. Heat maps were generated in MetaboAnalyst using Ward’s clustering algorithm
with Euclidean distances from Z-scored data. Data for each sample are the averages from
independent time point replicates (n = 2 to 4). Normalized and transformed data sets were

exported from MetaboAnalyst to generate principal-coordinate analysis (PCoA) plots in R.

Mass spectrometry principal coordinates analysis and statistics

A distance matrix based on the Bray-Curtis dissimilarity metric was used to calculate
dissimilarities between exometabolite profiles. Principal coordinates analysis was performed
using the R package vegan. Principal coordinates were plotted using ggplot2. Coordinates of the
first two PCoA axes were used to perform Protest analysis using the protest function in vegan.
Dissimilarity matrices were used to perform PERMANOVA and variation partitioning and using
the adonis and varpart functions in vegan, respectively. The RVAideMemoire package was used
to perform a post-hoc pairwise PERMANOVAs. Monoculture community arrangements were

removed to focus on coculture trends.
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Non-additive metabolomics production

All reference standard normalized, filtered features (across both polarities and
ionization modes) were combined. Non-additive outcomes were determined based on the null
expectation that fold-changes (FC) in the 3-member community should reflect a summation of
FCs from the pairwise cocultures. The thresholds for assigning a metabolomic feature as non-

additive production was as follows:

(TM)/(PWC1 + PWC2 + PWC3) > 1.5

Where TM is the peak area abundance in the 3-member community, and PWC1/PWC2/PWC2
are the peak area abundance in the pairwise coculture conditions 1,2, and 3, respectively. FCs
were determined at each time point. A feature was determined to be produced in the 3-
member community in a non-additive manner if it was above the FC threshold at least 3 times
during stationary phase. At each time point, a Z-scored distribution of FCs was plotted in R. Z-
scores were extracted from exometabolite of interest (thailandamide, pyochelin, and
capistruin) to plot as vertical ablines on the Z-scored distributions. In addition, the non-additive
features were extracted from the dataset to generate a heat map in MetaboAnalyst. Ward’s
clustering algorithm was used with Euclidean distances from Z-scored data. Data for each

sample are the averages from independent time point replicates (n = 2 to 4).

To find statistical support for non-additive exometabolite production in the 3-member

community, we created an “expected” time course abundance for identified exometabolites
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that had non-additive upregulation (thailandamide, pyochelin, and capistruin). The “expected”
time course abundance was determined by calculating the summation of peak abundances
across pairwise cocultures with B. thailandensis. Due to the issue of replicate independence for
each time course, the standard deviation would vary depending on what replicates were
combined. As a conservative approach, we permuted all possible pairwise coculture
combinations and used the replicate combination that resulted in the highest standard
deviation. The time course peak abundance of thailandamide, pyochelin, and capistruin from
pairwise cocultures with B. thailandensis, from the 3-member community, and from the
“expected” 3-member community were plotted in ggplot2. We then ran a repeated measures
permutation ANOVA to compare the time course peak abundance of thailandamide, pyochelin,
and capistruin observed in the 3-member community to the “expected” 3-member community.
A post-hoc pairwise t-test was performed to observe which time points were statistically
significant. We note each iteration of repeated measures ANOVA would result in different
statistical result. This was because the replicate identifiers for the “expected” time course were
arbitrarily assigned. For this reason, we only considered a test significant if it was consistently

below a p threshold of 0.05 across 10 iterations of the code.

Code availability

Computing code, workflows, and data sets are available at [insert GitHub link]. R
packages used during computing analyses included DEseq2 (173), ImpulseDE2 (211), Minet
(216), vegan 2.5-4 (178), ggplot2 (222), VennDiagram (179), RVAideMemoire (180), rtracklayer

(223), viridis (224), and helper functions (184, 185, 187, 225).
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Data availability

Genomes for B. thailandensis, C. violaceum, and P. syringae are available at the
National Center for Biotechnology Information (NCBI) under accession numbers NC 007651

(Chromosome 1)/NC 007650 (Chromosome Il), NZ PKBZ01000001, and NC 004578

(Chromosome)/NC 004633 (Plasmid A)/NC 004632 (Plasmid B), respectively. An improved
annotated draft genome of C. violaceum is available under NCBI BioProject accession

number PRINA402426 (GenBank accession number PKBZ00000000). Data for resequencing

efforts for B. thailandensis and P. syringae are under NCBI BioProject accession

numbers PRINA402425 and PRINA402424, respectively. Metabolomics data and

transcriptomics data are also available at the JGI Genome Portal (226) under JGI proposal
identifier 502921. MZmine XML parameter files for all analyses can be viewed at and
downloaded from GitHub (see Dataset 7

at https://github.com/Shadelab/Paper Chodkowski MonocultureExometabolites 2020/tree/

master/Datasets). Large data files (e.g., MZmine project files) are available upon request. Other

data sets are also available on GitHub [Insert GitHub link for supplementary files].

Results

Stationary phase dynamics of microbial communities: transcriptional responses

We had four replicate, independent timeseries of each of seven community
arrangements (three monocultures plus four cocultures of every pair and the 3-member
arrangement), and here focus on the coculture analyses to gain insights into community

outcomes. A range of 518 to 1204 genes were differentially expressed by each member in
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coculture, irrespective of the identity of neighbors (Appendix B Figure 11, FDR< 0.05). In
addition, each member also had differential gene expression that was unique to particular
neighbor(s). Summarizing across all coculture arrangements, 2,712/5639 (48.1%), coding
sequences (CDSs), 3267/4393 CDSs (74.4%), and 4974/5576 CDSs (89.2%) genes in B.
thailandensis, C. violaceum, and P. syringae were differentially expressed, respectively. Both
community membership and time contributed to the transcriptional response of each member
(Figure 4.1, Appendix A Table 9). Together, these data suggest that there are both general and
specific consequences of neighbors for the transcriptional responses of these bacterial

community members.
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Figure 4.1. Transcriptional responses are driven by community membership and time.
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Figure 4.1 (cont’d)

Shown are principal coordinates analysis (PCoA) plots for B. thailandensis (Bt, A), C. violaceum
(Cv, B), and P. syringae (Ps, C). Each point represents a mean transcript profile for a community
member given a particular community arrangement (neighbor(s) included, indicated by symbol
color) and sampled at a given time point over exponential and stationary growth phases (in
hours since inoculation, h, indicated by symbol size, n=3 to 4 replicates per
timepoint/community arrangement). The Bray-Curtis distance metric was used to calculate
dissimilarities between transcript profiles. Error bars are 1 standard deviation around the mean

axis scores.
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Temporal trajectories in transcript profiles were generally reproducible across replicates
for each member given a particular community arrangement (PROTEST analyses, Appendix A
Table 10). Each member had a distinct transcript profiles (0.480 < r2 < 0.778 by Adonis; P value,
0.001; all pairwise false discovery rate [FDR]-adjusted P values, <0.068 except for the C.
violaceum coculture with B. thailandensis vs 3-member comparison, Appendix A Table 11). For
all ordinations, the major contribution to the variation was community membership (Axis 1)
followed by time (Axis 2), with the most variation was explained by the interaction between
time and membership (Appendix A Table 9). Membership alone accounted for 60.6% and
77.0% of the variation explained in C. violaceum and P. syringae analyses, respectively and

46.3% in the B. thailandensis analysis (Appendix A Table 11).

When included in the community, B. thailandensis strongly determined the transcript
profiles of the other two members. For example, the inclusion of B. thailandensis in a coculture
differentiated transcript profiles for both C. violaceum and P. syringae (Figure 4.1B and Figure
4.1C). Thus, B. thailandensis appears to have a dominating influence on the transcriptional

response of neighbors, and these responses were dynamic with respect to time.

We analyzed clusters of orthologous groups of proteins (COGs) to infer the responses of
members to their neighbors. Differentially expressed genes were categorized as upregulated or
downregulated based on temporal patterns and representation in COG groups (Appendix B
Figure 12). We focused on the largest discrepancies between upregulated and downregulated
within COG groups, which provide insights into broad biological processes affected by
exometabolite interactions. COG groups trending towards upregulation in B. thailandensis

included secondary metabolites biosynthesis, transport, and catabolism [Q], signal transduction
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mechanisms [T], and cell motility [N] while COG categories trending towards downregulation
included cell cycle control, cell division, chromosome partitioning [D], translation, ribosomal
structure and biogenesis [J], and defense mechanisms [V]. These results suggest that B.
thailandensis responds to neighbors via downregulation of growth and reproduction and
upregulation of secondary metabolism. We therefore hypothesized that B. thailandensis was
producing bioactive exometabolites against C. violaceum and P. syringae to competitively

inhibit their growth.

Because of the strong transcript response of C. violaceum and P. syringae when
neighbored with B. thailandensis (Figure 4.1B & 4.1C), we first focused on COG group trends
within community arrangements with B. thailandensis (Appendix B Figure 12B & Appendix B
Figure 12C, rows 2 & 3). COG groups tending towards upregulation in C. violaceum and P.
syringae were translation, ribosomal structure and biogenesis [J] and replication,
recombination, and repair [L], respectively. COG groups tending towards downregulation in C.
violaceum and P. syringae were signal transduction mechanisms [T] and secondary metabolites
biosynthesis, transport, and catabolism [Q], respectively. These results suggest that presence of
B. thailandensis alters its neighbors ability to respond to the environment and inhibits

secondary metabolism.

We were interested in understanding patterns of differential gene regulation and how
individual genes contribute to the observed dynamics in Figure 4.1. The top ~500 differentially
expressed genes (see methods: Circos plots) were visualized by genomic location and temporal
dynamics (Appendix B Figure 13-Appendix B Figure 15). These results show that the gene

dynamics for C. violaceum and P. syringae when grown in the 3-member community are
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consistent with each neighbor’s gene dynamics when grown only with B. thailandensis (
Appendix B Figure 14 and Appendix B Figure 15, heatmap, outer two tracks vs. inner two
tracks). Interestingly, 68.4% (340 genes) of the top differentially regulated genes in B.
thailandensis were located on chromosome Il despite chromosome Il only accounting for 44.0%
of all coding sequences (2365 coding sequences). In addition, nearly all P. syringae plasmid
genes were upregulated when P. syringae was neighbored with B. thailandensis. These
plasmids were significantly enriched for processes related to DNA recombination, recombinase

activity, and DNA binding/integration (GO enrichment, Appendix A Table 12).

Stationary phase dynamics of microbial communities: exometabolomic responses

Because member populations are physically separated in the SynCom transwell system
but allowed to interact chemically, observed transcript responses in different community
arrangements are inferred to result from exometabolite interactions. Spent medium from the
shared medium reservoir was collected from each transwell plate and analyzed using mass
spectrometry to detect exometabolites. We focused our analysis on those exometabolites that
had maximum accumulation in a coculture community arrangement (either in pairs or in 3-
member community). Consistent with the transcript analysis, we found that both community
membership and time explained the exometabolite dynamics, and that the explanatory value of
membership and time was maintained across all polarities and ionization modes (Figure 4.2 and

Appendix A Table 13).
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Figure 4.2. Bacterial community exometabolite profiles differ by community membership and

time.

Shown are PCoA plots for exometabolite profiles from the following mass spectrometry modes:

polar positive (A), polar negative (B), nonpolar positive (C), and nonpolar negative (D). Each
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Figure 4.2 (cont’d)

point represents the mean exometabolite profile (relative contributions by peak area) given a
particular community membership (indicated by symbol color) at a particular time point
(indicated by symbol shape). The Bray-Curtis distance metric was used to calculate
dissimilarities between exometabolite profiles. Error bars are 1 standard deviation around the

mean axis scores (n= 2 to 4 replicates). Bt is B. thailandensis, Cv is C. violaceum, and Ps is P.

syringae.
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Temporal trajectories in exometabolite profiles were generally reproducible across
replicates with some exceptions (Protest analyses, Appendix A Table 14, Supplemental File 2.1).
Exometabolite profiles were distinct by community membership (0.475 <r2 < 0.662 by Adonis;
P value, 0.001; all pairwise false discovery rate [FDR]-adjusted P values, <0.025, Appendix A
Table 15), and also dynamic over time. As observed for the member transcript profiles, and the
interaction between membership and time had the highest explanatory value for the

exometabolite data (Appendix A Table 13).

We found that the C. violaceum-P. syringae coculture exometabolite profiles were
consistently the most distinct from the other coculture memberships (Figure 4.2), supporting,
again, that the inclusion of B. thailandensis was a major driver of exometabolite dynamics,
possibly because it provided the largest or most distinctive contributions to the community
exometabolite pool. Indeed, we observed that a majority of the most abundant exometabolites
were either detected uniquely in the B. thailandensis monoculture or accumulated substantially
in its included community arrangements (Appendix B Figure 16). Some exometabolites
detected in B. thailandensis-inclusive communities were not detected in its monocultures
(Appendix B Figure 16D), suggesting that the inclusion of neighbors contributed to the
accumulation of these particular exometabolites (e.g. upregulation of biosynthetic gene
clusters or lysis products). C. violaceum and P. syringae contributed less to the 3-member
community exometabolite profile, as exometabolites detected in the C. violaceum-P. syringae
coculture arrangement were less abundant and had lower accumulation over time in the 3-
member community arrangement (Appendix B Figure 16A). Together, these results suggest

that B. thailandensis can suppress or overwhelm expected outputs from neighbors.
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In summary, we observed both increased accumulation and unique production of
exometabolites in pairwise cocultures and in the 3-member community arrangements, with B.
thailandensis contributing the most to the shared exometabolite pool as determined by
comparisons with its monoculture exometabolite profile. Related, the transcriptional responses
of C. violaceum and P. syringae in the 3-member community arrangement is most similar to
their respective transcriptional response when neighbored with B. thailandensis alone, despite

the presence of the third neighbor.

B. thailandensis increases competition strategies in the presence of neighbors

We observed relatively unchanged viability in B. thailandensis (Appendix B Figure 17).
On the contrary, we observed a slight reduction (~2.1 log2 fold change) in C. violaceum live cell
counts, and a drastic reduction (~4.7 log2 fold change) in P. syringae live cell counts, when
either was cocultured with B. thailandensis (Appendix B Figure 18 and Appendix B Figure 19).
Given this reduction in viability and that there have been competitive interactions between B.

thailandensis and C. violaceum previously reported (Chandler et al., 2012), we hypothesized

that B thailandensis was using competition strategies to influence its neighbors via production
of bioactive exometabolites. If true, we would expect an upregulation in B. thailandensis
biosynthetic gene clusters (BSGC) that encode bioactive exometabolites. Indeed, we found

evidence of this when B. thailandensis had neighbors (Figure 4.3, Appendix A Table 16).
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Figure 4.3. B. thailandensis upregulates biosynthetic gene clusters (BSGC) in cocultures.
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Ps: P. syringae and rows represent BSCC in B. thailandensis. Genes part of a BSGC were curated

from antiSMASH predictions and literature-based evidence. Within each BSGC, log2 fold-

changes (LFC) were calculated by comparing gene counts from a coculture to the monoculture
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Figure 4.3 (cont’d)

control at each time point. LFC were then averaged from all biosynthetic genes in the BSGC at
each time point. We defined an upregulated BSGC as a BSGC that had at least two consecutive
stationary phase time points with a LFC > 1 (indicated by the horizontal line). Note that plots for

each BSGC have separate scales for the Y-axis.
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This suggests that B. thailandensis responded to neighbors by upregulating genes
involved in the production of bioactive compounds, likely to gain a competitive advantage.
However, not all BSGCs in B. thailandensis were upregulated. Some BSGCs were unaltered or
downregulated (Appendix B Figure 20). C. violaceum upregulated only 1 BSGC in coculture with
B. thailandensis, while P. syringae did not upregulate any BSGC in any coculture (Appendix B
Figure 21 and Appendix B Figure 22). Interestingly, coculturing with C. violaceum and P.
syringae resulted in the upregulation of an unidentified beta-lactone and an unidentified non-
ribosomal peptide synthetase (NRPS) in B. thailandensis, respectively. Similarly, coculturing
with B. thailandensis resulted in the upregulation on an unidentified NRPS- Type | polyketide
synthase in C. violaceum. We also note that two additional unidentified NRPS passed the LFC
threshold of 1 in C. violaceum. However, these were only upregulated at the exponential phase
time point and subsequently downregulated or below the LFC threshold in all stationary phase
time points. Interspecies interactions led to the upregulation of BSGC in both B. thailandensis

and C. violaceum and three of these BSGC encode potentially novel bioactive exometabolites.

We were able to identify 6 of the 11 products from the upregulated B. thailandensis
BSGC and quantify their abundances from mass spectrometry data (Appendix B Figure 23 and
Appendix A Table 17). For any given identified exometabolite, it differentially accumulated
between community arrangements containing B. thailandensis (Appendix A Table 18),
particularly when comparing the B. thailandensis monoculture compared to each coculture
arrangement (Appendix A Table 19). As expected, these identified exometabolites were not
detected in community arrangements that did not include B. thailandensis. Bactobolin was the

only identified exometabolite that accumulated in monoculture to equivalent levels of
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accumulation in to all coculture conditions. Thus, B. thailandensis increased competition
strategies with neighbors through the upregulation and production of many bioactive
exometabolites. Of these bioactive exometabolites, three are documented antimicrobials (227,
228, 229), two are siderophores (230, 231), and one is a biosurfactant (232). We conclude that
B. thailandensis produced bioactive exometabolites to competitively interact using both
interference and exploitative competition strategies (233). Given that B. thailandensis
proactively upregulated competition strategies, and responded more broadly in producing
competition-supportive exometabolites when grown with neighbors, we hypothesized that
these bioactive exometabolites are responsible for the altered transcriptional responses in C.

violaceum and P. syringae.

Interspecies co-transcriptional networks reveal coordinated gene expression related to

competition

We performed interspecies coexpression network analysis to infer interspecies
interactions. We used temporal profiles to generate 23 and 24 coexpression networks for B.
thailandensis-C. violaceum and B. thailandensis-P. syringae cocultures, respectively (Appendix
A Table 20). As expected, the majority of nodes network had intraspecies edges only, with
interspecies edges composing 1.85% and 1.90% of the total edges in the B. thailandensis-C.
violaceum and B. thailandensis-P. syringae networks, respectively. We explored interspecies

edges for evidence of interspecies transcriptional co-regulation.
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We performed two analyses (module analysis and GO enrichment) to validate networks
and infer interspecies interactions (Appendix B Figure 24). Module analysis validated networks
as intraspecies modules enriched for biologically relevant processes (Supplemental File 4.1). To
infer interspecies interactions, we filtered genes with interspecies edges and performed
enrichment analysis (Supplemental File 4.2). The top enriched Gene Ontology (GO) term for B.
thailandensis when paired with C. violaceum was antibiotic synthesis of thailandamide,
supporting interference competition. Though the top enriched GO term in B. thailandensis
when paired with P. syringae was bacterial-type flagellum-dependent cell motility, antibiotic
synthesis of malleilactone was also enriched. Both thailandamide genes from the B.
thailandensis-C. violaceum network (Figure 4.4) and malleilactone genes from the B.
thailandensis-P. syringae network (Appendix B Figure 25) formed near-complete modules

within their respective BSGCs.
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Figure 4.4. B. thailandensis genes involved in thailandamide production are detected as

interspecies edges in the B. thailandensis-C. violaceum coexpression network and

biosynthetic genes organize into network modules.
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Figure 4.4 (cont’d)

A network module containing the thailandamide BSGC is shown. The network module nodes
are color coded by B. thailandensis gene type (BSGC or not) and type of connections
(interspecies or not): thailandamide biosynthetic genes that had interspecies edges (magenta),
thailandamide biosynthetic genes that did not have interspecies edges (orange), or other genes
that were not part of the BSGC (yellow); as well as genes that were from C. violaceum (blue).
The chromosomal organization of the thailandamide BSGC is shown below the network
module. The same colors are applied to the BSGC operon. The operons also depict genes that
were not detected within the interspecies network, shown in gray. Asterisks indicate core
biosynthetic genes in the BSGCs, as predicted from antiSMASH. The table shows upregulated B.
thailandensis BSGCs (Figure 4.3) and whether there were interspecies edges detected (check is

yes, X is no).
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At least one gene from each of B. thailandensis’s upregulated BSGCs (Figure 4.3, Table)
had an interspecies edge, except for rhamnolipid. The top GO term for both C. violaceum and P.
syringae genes that had edges shared B. thailandensis was bacterial-type flagellum-dependent
motility. Other notable enriched GO processes were efflux activity for C. violaceum and signal
transduction for P. syringae. Specifically, a DNA starvation/stationary phase gene (CLVO4_2968,
Figure 4.4), dspA, was connected within the thailandamide module of the B. thailandensis-C.
violaceum network and a TonB-dependent siderophore receptor gene (PSPTO_1206, Appendix
B Figure 25) was connected within the malleilactone module of the B. thailandensis-P. syringae
network (Supplementary File 4.3). Interestingly, both CLV04_2968 and PSPTO_1206 were
differentially downregulated when cocultured with B. thailandensis (Appendix B Figure 26A
and Appendix B Figure 27A, respectively). Additionally, the closest homolog for dspA in B.
thailandensis was unaltered (BTH_11284, Supplementary File 4.4) when cocultured with C.
violaceum (Appendix B Figure 26B) and the closest homolog to the TonB-dependent receptor in
B. thailandensis (BTH_I2415, Supplementary File 4.4) was differentially upregulated when
cocultured with P. syrinage (Appendix B Figure 27B). Taken together, these interspecies
networks revealed that B. thailandensis BSGC have coordinated expression patterns to
biological process in both C. violaceum and P. syringae, suggesting that bioactive

exometabolites were driving their transcriptional responses.

Distinctive member responses when assembled together

Within a complex community, there can be outcomes that are not expected based on

interactions that are observed in simpler situations of member pairs (234-236). A typical
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predictive approach uses the additivity assumption, where the null expectation is that a
members’ outcome in more complex communities is a summation of its outcomes in simpler
communities (237). Patterns that deviate from the assumption arise from biological
phenomena that are deemed non-additive. Much emphasis has been placed on predictions on
the additive (or non-additive deviation) nature of growth outcomes in more complex
environments (199, 238, 239). Here, we evaluated non-additive responses (e.g. transcriptomics)
and behaviors (e.g. exometabolite production). We identified genes with non-additive
upregulation in the 3-member community (Appendix B Figure 28, Supplemental File 5.1, see
methods: Non-additive gene expression). For B. thailandensis, most of these genes consistently
had nonadditive upregulation throughout stationary phase. Both P. syringae and C. violaceum
trended towards transient dynamics of non-additive upregulation, which tended to occur at a
specific timepoint. For each member, there was a stark contrast in genes with non-additivity
between the exponential phase timepoint and all stationary phase time points. Notably, the top
GO enrichments included antibiotic biosynthesis for B. thailandensis and structural constituents
of the ribosome for both C. violaceum and P. syringae (Supplemental file 5.2). Of the BSGC in B.
thailandensis, multiple genes involved in the production of thailandamide, pyochelin,
capistruin, and malleobactin had non-additive upregulation. Since we were able to identify
some of these compounds as features within the mass spectral data, we asked if non-additive

transcriptional activity corresponded to non-additive exometabolite production.
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Figure 4.5. Thailandamide accumulates in a non-additive manner.

The accumulation of thailandamide was quantified through time (n = 3-4 integrated peak areas
per time point). The bottom and top of the box are the first and third quartiles, respectively,
and the line inside the box is the median. The whiskers extend from their respective hinges to
the largest value (top), and smallest value (bottom) was no further away than 1.5x the

interquartile range. Colors correspond to the community membership for the B.thailandensis-P.
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Figure 4.5 (cont’d)

syringae coculture (yellow, BtPs), the B. thailandensis-C. violaceum coculture (magenta, BtCv),
the “expected” exometabolite abundance in the 3-member community obtained from additive
peak areas from the B.thailandensis-P. syringae and B.thailandensis-C. violaceum cocultures

(orange, BtCv+BtPs), and the 3-member community (black, BtCvPs).
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Most exometabolite features did not exceed expectations, as the average fold change
across all time points was ~0.6 (Appendix B Figure 29). However, we did find that 858
exometabolomic features accumulated in the 3-member community in a non-additive manner
(Appendix B Figure 30), including thailandamide (Figure 4.5) and pyochelin (Appendix B Figure
31), but not capistruin (Appendix B Figure 32). At the final stationary phase time point (45 h),
thailandamide accumulated ~4-fold more and pyochelin accumulated ~3-fold more than the
additive expectation. Thailandamide and pyochelin were consistently above 1o of the average
additive fold change for all coculture filtered exometabolites throughout stationary phase
(Appendix B Figure 29, ablines). We combined peak areas from pairwise cocultures to create an
“expected” exometabolite abundance over the time course for thailandamide, pyochelin, and
capistruin (Figure 4.5, Appendix B Figure 31, and Appendix B Figure 32, orange). The
experimental exometabolite abundance over the time course was significantly different from
the “expected” exometabolite abundance for thailandamide, but not for pyochelin and
capistruin (repeated measures ANOVA, Appendix A Table 21). When comparing each time
point separately for thailandamide, significance was obtained only for the initial time point, and

later time points were trending toward significance (Appendix A Table 22).

Discussion

Here, we used a synthetic community system to understand how exometabolomic
interactions determine members responses and behaviors. Our experiment used a bottom-up
approach to compare the seven possible community arrangements of three members, and their

dynamics in member transcripts and community exometabolites over stationary phase.
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Differential gene expression across community arrangements and over time show that the
exometabolites released by a member were sensed and responded to by its neighbors.
Furthermore, members’ behaviors in monocultures changed because of coculturing, as
evidenced by differential exometabolite production. B. thailandensis evoked the largest
transcriptional changes in C. violaceum and P. syringae, and these changes were driven largely
by several enhancements in B. thailandensis competitive strategies. Numerous transcripts and
exometabolite were non-additive in the 3-member community, suggesting that predictions of
members outcomes in more complex communities will not always be a simple summation of
pairwise outcomes. That interactions within a relatively simple community altered the behavior
of each member is important because these kinds of behavioral changes could, in turn, drive
changes in community structure and/or function in an environmental setting. For example, it
was shown that interspecies interactions more strongly influenced the assembly of C. elegans
gut communities than host-associated factors (240). Therefore, mechanistic and ecological
characterization of interspecies interactions will inform as to the principles that govern

emergent properties of microbial communities.

Overall, competitive interactions predominated in this synthetic community. Our
previous study found that, over stationary phase in monocultures, each member released and
accumulated at least one exometabolite documented to be involved in either interference or
exploitative competition (210). This suggests that entry into stationary phase primed members
for competitive interactions, whether or not there were heterospecific neighbors present. We
interpret this strategy of preemptive aggression to be especially advantageous to B.

thailandensis, as it successfully used competitive strategies against both C. violaceum and P.
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syringae. B. thailandensis’s success was supported by decreased viable P. syringae cells when
cocultured with B. thailandensis. Though C. violaceum viable cell counts were not as affected
directly by the coculture with B. thailandensis, B. thailandensis-produced bactobolin (100) was
detected in the shared medium reservoir. Bactobolin is a bacteriostatic antibiotic previously
shown to be bioactive against C. violaceum (145). But, C. violaceum can resist bactobolin
through upregulation of an RND-type efflux pump (241). This finding also is supported by our
data, as all genes coding for the CdeAB-OprM RND-type efflux system and the TetR-family
transcriptional regulator were upregulated in C. violaceum cocultures with B. thailandensis

(CLVO4_2412-CLVO4_2415).

Coculturing can induce secondary metabolism (242-244) because an exometabolite
produced by one microbe can prompt secondary metabolism in a neighbor (208). We found
that coculturing led to the upregulation of numerous BSGCs in B. thailandensis. These
exometabolites included bactobolin, malleilactone (230, 245; siderophore and cytotoxin),
malleobactin (246, 247; siderophore), capistruin (102; lasso peptide), thailandamide (248;
polyketide), pyochelin (231; siderophore), rhamnolipids (232; biosurfactants), and two
uncharacterized BSGCs encoding nonribosomal peptide synthetases. Of these exometabolites,
bactobolin, capistruin, and thailandamide have documented antimicrobial activities through
translation inhibition (227), transcription inhibition (228), and inhibition of fatty acid synthesis
(229), respectively. For those exometabolites we were able to identify with mass spectrometry,
their accumulation in cocultures was correlated with the upregulation of their BSGCs.
Furthermore, up/downregulated patterns across all B. thailandensis BSGCs is consistent with

ScmR global regulatory patterns of secondary metabolism (249). Though we were not able to
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pinpoint the exact inducers of BSGCs, exometabolites such as antibiotics (250) and primary
metabolites (251) have been documented to induce secondary metabolism in B. thailandensis.
C. violaceum can inhibit B. thailandensis (145) but we did not observe B. thailandensis inhibition
based on cell counts. However, we did find that in stationary phase C. violaceum-B.
thailandensis cocultures, C. violaceum upregulated an uncharacterized hybrid nonribosomal
peptide synthetase-type | polyketide synthase. P. syringae was the least competitive of the
three neighbors, as evidenced by a reduction in live cell counts when cocultured with B.
thailandensis. Also, P. syringae did not enhance competitive strategies when cocultured, as no
BSGCs were consistently upregulated across all coculture conditions. In summary, though all
three neighbors used competitive strategies, B. thailandensis was most successful and
displayed continued aggression in cocultures over stationary phase through enhanced

production of exometabolites involved in interference and exploitative competition strategies.

Given the upregulation of BSGCs in B. thailandensis and the strong transcriptional
responses of C. violaceum and P. syringae to the presence of B. thailandensis, we hypothesized
that competitive exometabolites were contributing to their community dynamics. Thus, we
used a coexpression network analysis with our longitudinal transcriptome series to infer
interspecies interactions (252). This use of this approach was first demonstrated to infer
coregulation between a phototroph-heterotroph commensal pair (253). Our network confirmed
that B. thailandensis BSGCs had coordinated gene expression patterns with both C. violaceum
and P. syringae. Interspecies nodes in both networks contained various genes involved in the
aforementioned upregulated B. thailandensis BSGCs. In particular, we focused on interspecies

edges within thailandamide nodes for the B. thailandensis-C. violaceum network and
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interspecies edges within malleilactone nodes for the B. thailandensis-P. syringae network
because these were significantly enriched as interspecies nodes. A C. violaceum gene of
interest, CLV04_2968, was contained within the thailandamide cluster of interspecies nodes.
This gene codes for a DNA starvation/stationary phase protection protein and had the highest
homology to the Dps protein in Escherichia coli across all C. violaceum protein coding genes.
Dps mediates tolerance to multiple stressors and dps knockouts are more susceptible to
thermal, oxidative, antibiotic, iron toxicity, osmotic, and starvation stressors (254).
Interestingly, CLV04_2968 was downregulated when cocultured with B. thailandensis,
suggesting that B. thailandensis attenuates C. violaceum stress tolerance over stationary phase.
While we observed a slight decrease in viable C. violaceum cells when cocultured with B.
thailandensis, one may expect C. violaceum to have increased sensitivity to a subsequent stress
(e.g. pH stress; 255) resulting from CLV04_2968 downregulation in the presence of B.

thailandensis.

In the B. thailandensis-P. syringae coexpression network, a P. syringae gene of interest,
PSPTO_1206, was contained within the malleilactone cluster of interspecies nodes.
PSPTO_1206 is annotated as a TonB-dependent siderophore receptor. A P. syringae iron-
acquistion receptor had coordinated expression with a malleilactone, which has been
characterized as a siderophore with antimicrobial properties (230). Interestingly, this gene was
downregulated when in coculture with B. thailandensis. In contrast, the closest TonB-
dependent siderophore receptor homolog to PSPTO_1206 in B.thailandensis, BTH_12415, was

upregulated in coculture conditions with P. syringae.
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To summarize, coexpression network analysis reveal coordinated gene expression
patterns that helped to infer that BSGC upregulation likely explains the influence of B.
thailandensis on both C. violaceum and P. syringae. B. thailandensis-enhanced competition
strategies were coordinated with a potential decrease in competition strategies in C. violaceum

via reduced stress tolerance and in P. syringae with reduced iron acquisition ability.

A major goal in microbial ecology is to predict community dynamics for purposes of
modulating and/or maintaining ecosystem function (256, 257). At its core, microbial functional
properties emerge, in part, from the concerted interactions of multi-species assemblages.
Predictions can be complicated by non-additive phenomena that arise in more complex
communities. For example, non-additive phenomena have been documented in gene
expression (258, 259), growth (238), and fitness (260). Here, we also have documented non-
additive responses and behaviors in our system when combinatorial stimuli was present in the
3-member community. B. thailandensis BSGCs displayed non-additive phenomena, as we are
able show that the transcriptional response of certain BSGCs in the 3-member community was
greater than the naive summation of transcriptional response in pairwise arrangements.
Furthermore, non-additive transcriptional responses resulted in non-additive exometabolite
accumulation (e.g. thailandamide & pyochelin) with exceptions (e.g. capistruin). However, we
only quantified exometabolite accumulation in the shared medium reservoir. Differential
release and uptake of bioactive molecules within the community can complicate tracking
metabolite dynamics in the system. Thus, analyses that incorporate both intracellular and
extracellular metabolomics can provide a more complete understanding of altered microbial

metabolism under different conditions. Regardless, we documented non-additive accumulation

152



of secondary metabolites involved in both competition strategies. This finding may have
implications for high-order interactions, meaning, the nature of the interaction between two
members may be altered by the addition of a third member (261). For example, one member
could produce sublethal antibiotics in the presence of an antibiotic-sensitive member. The
addition of a third member could stimulate the antibiotic producer to increase antibiotic
production, altering the nature of the initial interaction from sublethal to lethal for antibiotic-
sensitive member (262). In other words, the nature of interactions may be altered depending
on surrounding stimuli that can exacerbate bacterial behaviors not expected by studying the
system as simpler parts (235). Therefore, characterizing transcriptome and metabolome
dynamics in microbial communities is expected to inform how non-additive phenomena arise

and how they contribute to deviations in predictive models of community outcomes.

Our results indicated that each member continued to maintain competitive strategies
despite stagnant population growth. In particular, B. thailandensis upregulated various
bioactive exometabolites involved in both interference and exploitative competition when with
neighbors. Our idea of a competitor through maintenance and upregulation of exometabolites
involved in competitive strategies is in contrast to the typical notion of being an efficient
competitor- one that is defined as the ability to outcompete neighbors via growth advantage
that stems from efficient nutrient uptake and biomass conversion rates (263, 264). However,
some environments impose a stationary phase lifestyle, where long periods of nutrient
depletion are punctuated with short periods of nutrient flux. In these scenarios, it warrants to
understand how competitive strategies are deployed in the interim of growth and the extent to

which these interactions contribute to long-term community dynamics. Though population
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levels remain constant, sub-populations of growing cells have been observed in stationary
phase (265), and continued production of competitive exometabolites may serve as an
advantageous strategy to hinder growth of competitors. In addition, some antibiotics remain
effective in non-replicating bacteria (266). The ability for continued upkeep of competition
strategies during stationary phase may provide spatiotemporal maintenance of population
levels before growth resumption. The long-term consequences of competition will be realized
with the incorporation of both competition during periods of growth and continued aggression
via upkeep of both interference and exploitative competition strategies during periods of non-

growth (233).

In summary, we evaluated the consequences of exometabolite-mediated interactions
over stationary phase using a synthetic microbial community approach. The emergence of
complex community behaviors can be realized through the use of synthetic microbial ecology
(267) using model synthetic community members (268). We demonstrated that members’
transcriptional and exometabolite patterns are altered over stationary phase in cocultures
compared to monocultures. These alterations could be attributed to the response of bioactive
exometabolites involved in competition strategies. B. thailandensis, in particular, had a strong
influence on the transcriptional responses of the other synthetic community members, as it
proactively responded to coculturing by upregulating biosynthetic gene clusters that
corresponded to increased production of bioactive exometabolites involved in competition
strategies. In addition, all members had a subset of genes that were upregulated in a non-
additive in the 3-member community. In some scenarios, non-additive transcriptional patterns

resulted in non-additive exometabolomic production in the 3-member community. These
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results implicate that bacterial responses and behaviors in more complex communities are not
always a simple summation of pairwise outcomes. Furthermore, the ability to upkeep
competitive strategies may be important to the maintenance of population levels during long

periods of non-growth.
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CHAPTER 5 : A coevolution experiment reveals genetic signatures of antibiotic resistance
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Abstract

Bacteria can compete for survival through the production of antibiotics. Antibiotic-
sensitive strains can counter antibiotics through tolerance mechanisms and through the
evolution of antibiotic resistance. We grew an antibiotic-producing strain, Burkholderia
thailandensis E264, and an antibiotic-sensitive strain, Flavobacterium johnsoniae UW101,
together and separately on agar plates to examine the coevolutionary repercussions to long-
term chemical interactions. The F. johnsoniae ancestor could tolerate the B. thailandensis-
produced antibiotic through efflux mechanisms. After sequencing clonal isolates from F.
johnsoniae coevolved and monoculture lines, we uncovered mutational ramifications to long-
term exometabolite interactions (7.5 months, 5 plate passages). The coevolved genomes from
F. johnsoniae revealed signatures of antibiotic resistance that were not observed in the evolved
monoculture lines. One mutation was a 33 bp deletion in to/C that corresponded to the deletion
of 11 amino acids that were part of an extracellular loop in TolC. TolC, along with AcrA/B form
the tripartite multidrug efflux system. The other mutation was a G83R nonsynonymous
mutation in acetyl-coA carboxylayse carboxyltransferase subunit alpha (AccA). Placing the tolC
33 bp deletion back into the F. johnsoniae ancestor conferred some degree of antibiotic
resistance, but not to the degree of resistance observed in coevolved lines. Furthermore, the
accA mutation matched a previously described mutation conferring resistance to B.
thailandensis-produced thailandamide. Transposon mutants effecting thailandamide
production revealed that this molecule was bioactive against F. johnsoniae but also suggested

that more than one B. thailandensis-produced antibiotic was inhibiting F. johnsoniae. This study
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reveals how long-term interspecies chemical interactions can result in a novel mutational

mechanism that confers antibiotic resistance.

Introduction

Sequencing has revealed the prevalence of antibiotic resistance genes in pristine
environments (26), indicating that antibiotics and their corresponding resistance mechanisms
have long-evolved in natural environments that predate their use in medicine (269). In fact,
glycopeptide antibiotics and resistance mechanisms have been present in bacterial genomes for
at least 150 million years (270). Thus, there have been efforts to understand the evolution of
antibiotic resistance in non-clinical settings to identify novel mechanisms of antibiotic

resistance (271).

Microbial antibiotic production in environmental settings is typically viewed through the
lens of competition (272). Bacteria produce these bioactive molecules that interact directly with
competitors by inflicting cell damage (interference competition; 23). These antibiotics are
organized in biosynthetic gene clusters (BSGC), where locally grouped genes encode the
biosynthetic pathway to molecule production (6). The activation of BSGCs is typically tied to
stress regulatory networks (273), suggesting antibiotic production is deployed as a survival
strategy during unideal growth conditions (75).

While the bacterial production of antibiotics is for chemical warfare (274), the
heterogeneous nature of certain environments (e.g. soil matrix) can result in sublethal levels of

antibiotic exposure that provides the means for surrounding neighbors to induce antibiotic
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resistance mechanisms (275). One general form of antibiotic resistance is multidrug efflux
pumps (276). Low-levels of antibiotic exposure can upregulate intrinsic mechanisms of
resistance, such as efflux pumps (277). The survival of bacteria to low levels of antibiotics can
facilitate adaptive resistance (278). Therefore, studying multigenerational interactions between
antibiotic-producing and antibiotic-sensitive environmental isolates may provide insight into

evolutionary dynamics driving antibiotic resistance.

We performed an agar-based experimental coevolution with an antibiotic-producer (B.
thailandensis) and an antibiotic-sensitive strain (F. johnsoniae). These strains were co-plated
and plated in monocultures on M9 minimal medium agar plates containing 0.2% for 1.5
months. B. thailandensis and F. johnsoniae were co-plated such that B. thailandensis antibiotic
inhibition of F. johnsoniae could occur but the colonies would not physically interact. After 1.5
months, these strains were transferred to the second plate passage for another 1.5 months of
incubation. This continued for a total of 5 plate passages. By comparing outcomes of the
coevolved lines to the evolved monoculture lines, we asked: What are the genetic and
phenotypic repercussions of coevolution and how consistent are they across independent
replicates?; What are the genetic signatures of F. johnsoniae antibiotic resistance?; and What is
the antibiotic produced by B. thailandensis that inhibits F. johnsoniae. We found that coevolved
F. johnsoniae lines gained resistance to the B. thailandensis-produced antibiotic while evolved
monoculture lines remained susceptible. A 33 bp deletion in to/C and a nonsynonymous
mutation in accA suggested two different paths to the evolution of antibiotic resistance in F.
johnsoniae. Placing the tolC 33 bp deletion back in the ancestor resulted in antibiotic resistance,

but not equivalent antibiotic resistance observed in the coevolved lines, suggesting that
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multiple mutations may be involved in obtaining higher levels of antibiotic resistance. Lastly,
thailandamide, an antibiotic that inhibits fatty acid synthesis, was evidenced as one of the
bioactive compounds that inhibited F. johnsoniae, but our data suggests that more than one B.
thailandensis-produced antibiotic may be inhibiting F. johnsoniae. These results have
implications for the consequences of interspecies chemical interactions on the evolution of

antibiotic resistance.

Materials and Methods

Extraction of B. thailandensis supernatant containing bioactivity

A freezer stock of B. thailandensis was plated on 50% trypticase soy agar (TSA50) and
grown overnight at 27 °C. A collection of lawn growth was transferred to 7 mL of M9 minimal
salts-glucose (M9-glucose) medium to achieve an initial OD of ~0.2. The culture was incubated
over night at 27 °C, 200 rpm. The next day, 1 mL of culture was transferred to 50 mL fresh M9-
glucose medium. The culture was incubated for 24 h at 27 °C, 200 rpm. The culture was
transferred to a falcon tube and centrifuged at 4 °C, 5000 rpm for 20 min. The supernatant was
removed, filtered with a 0.22 uM filter, and transferred to a separatory funnel. Ten mL of
dichloromethane (DCM) was added to the separatory funnel. The separatory funnel was
agitated three times and the DCM layer was removed. This process was repeated twice more in
batches of 10 mL additions of DCM. The collected DCM layer was dried under nitrogen gas. The
dried DCM extracts were reconstituted in 1 mL of a 50:50 methanol:water mixture. This mixture

was used for the efflux pump inhibitor experiment.
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Efflux pump inhibitor experiment

A freezer stock of F. johnsoniae was plated on TSA50 and grown over night at 27 °C. Five
individual colonies were then inoculated in 5 mL 50% trypticase soy broth (TSB50) and grown
overnight at 27 °C, 200 rpm. After ~16 hr growth, 50 pL of culture was back-diluted into 4.95 mL
of fresh TSB50 for each independent replicate. Then, 650 uL aliquots were dispensed in each of
seven tubes for each replicate. Seven conditions were prepared as follows: 1) F. johnsoniae
culture control 2) F. johnsoniae with DMSO control 3) F. johnsoniae with 50:50 methanol:water
control 4) F. johnsoniae with DMSO + 50:50 methanol:water control 5) F. johnsoniae with
daidzein + 50:50 methanol:water 6) F. johnsoniae with DMSO + B. thailandensis bioactive
supernatant and 7) F. johnsoniae with daidzein + B. thailandensis bioactive supernatant. A
volume of 1.04 pL was added to tubes containing Daidzein (10 mg/ml) or DMSO and a volume
of 16.25 uL was added to tubes containing B. thailandensis bioactive supernatant or 50:50
methanol:water. After additions of solvent or bioactive components, 200 uL aliquots from each
tube was placed in a 96 well plate. The plate contained 5 independent replicates, 2 technical
replicates/independent replicate for conditions 1-3 and 3 tech reps/independent replicate for
conditions 4-7 (90 samples). For the remaining 6 wells, 200 uL TSB50 was added to each well as
a negative control. An initial absorbance reading (590 nm) was taken on a Tecan Infinite® F500
Multimode Microplate Reader (Tecan Group Ltd., Mannedorf, Switzerland). The plate was then
incubated for 24 h at 27 °C, 200 rpm. A final absorbance reading (590 nm) was taken after 24 h
of incubation. ANOVA was used to compare all the controls and results were insignificant (p =

0.544). For this reason, we only used the F. johnsoniae culture control (with no added solvents)
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to serve as a control for a follow-up ANOVA that compared final OD across test conditions.

TukeyHSD was performed for post-hoc analysis.

Experimental evolution

B. thailandensis E264 and F. johnsoniae UW101 were plated from freezer stocks onto
TSAS50. Plates were incubated over night at 27 °C. A single, isolated colony of B. thailandensis
and of F. johnsoniae were inoculated as separate cultures in 7 mL of TSB50. Cultures were
incubated over night at 27 °C, 200 rpm. The following day, the cultures were pelleted by
centrifuged at 5000 rpm for 10 min, the supernatant was removed, and the cultures were
resuspended in 1X phosphate buffered saline (PBS). This process was repeated once more. The
cultures were resuspended in PBS at a final volume of 5 mL. Ancestral freezer stocks were
prepared by adding 750 mL of each culture to 750 mL of 70% glycerol. All freezer stocks were
stored at -80 °C. From the remaining cultures, the OD was measured and each culture was
back-diluted to an OD of 0.1 in PBS to prepare the evolution experiments. Ten pl of a culture
(OD 0.1) was spotted onto M9 minimal salts agar plates containing 0.2% glucose. Strains were
plated both in isolation and co-plated together. When co-plated together, B. thailandensis and
F. johnsoniae were spotted 14 mm apart. Five independent replicates were prepared, resulting
in 15 plates total. The plates were wrapped with parafilm and incubated at 27 °C for 1.5

months.

After incubation, we performed a plate passage. Sterilized toothpicks were used to

resuspend colonies into 1 mL of PBS. For B. thailandensis, we preferentially collected radial
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colony growth that was growing toward F. johnsoniae. A section of radial colony growth was
collected for B. thailandensis colonies in isolation. The entirety of the F. johnsoniae was
removed from each plate. First plate passage freezer stocks were prepared by adding 500 mL of
each resuspended culture to 500 mL of 70% glycerol. From the remaining cultures, the OD was
measured and each culture was back-diluted to an OD of 0.1 in PBS. The plating scheme was
repeated as previously described while preserving the replicate structure of co-evolving lines
(e.g. B. thailandensis coevolved replicate 1 was re-plated with F. johnsoniae coevolved replicate
1). The plates were wrapped with parafilm and incubated at 27 °C for 1.5 months. This process
was repeated for a total of 5 plate passages, resulting in a total experimentation time of 7.5

months.

Measurements of radial colony growth

Prior to a setting up another plate passage, plates were imaged using a scanner (at 1.5
months). A ruler was placed in the scanner to scale pixels to mm for measurements. Images
were uploaded to Imagel2 for analysis (279, 280). Radial growth was determined by measuring
the distance from the center of the colony to the furthest point of radial growth.

Measurements were uploaded to R for ggplot.

Whole genome sequencing

All F. johnsoniae replicates (monoculture and co-evolution experiments) from the 5t

plate passage and the F. johnsoniae ancestor were plated from freezer stocks onto TSA50 (11
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freezer stocks total). These were incubated overnight at 27 °C. The following night, isolated
colonies were inoculated into TSB50 medium and incubated over night at 27 °C, 200 rpm. The
following morning, DNA was extracted from all 10 cultures using the E.Z.N.A.® Bacterial DNA Kit
(Omega Bio-tek, Norcross, GA) according to the manufacturer’s instructions. DNA integrity was
assessed from 260/280 and 260/230 ratios using a NanoDrop® ND-1000 UV-Vis
Spectrophotometer (Thermo Fisher Scientific, Waltham, MA) and quantified using a qubit 2.0
fluorometer (Invitrogen, Carlsbad, CA, USA). DNA samples were sent to the Microbial Genome
Sequencing Center (MiGS, Pittsburgh, PA) for whole genome sequencing. lllumina DNA library
preparations were performed at the MiGS facility according to standard operating protocols.
Sequencing (2x151bp) was performed on a NextSeq 2000 platform. A minimum of 200 Mbp of
sequencing data was obtained with >Q30 reads. Mutations were identified using the breseq

(0.33.2) pipeline (281).

TolC model prediction

The F. johnsoniae TolC protein sequence of interest (FJOH_RS06580) was downloaded
from NCBI. The protein FASTA file was manually edited to remove 11 amino acids associated
with the 33 bp deletion (amino acids 87-97). The protein FASTA file was also manually edited to
create the nonsynonymous mutation (G83R). Then all three files were placed into SWISS-
MODEL to model the protein structure of TolC (282). The template used for rendering all
models was SMTL ID : 6wxi.1. The model from TolC wild-type was downloaded and uploaded

into Swiss-PdbViewer to highlight amino acids associated with the 33 bp deletion (283).
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Construction of mutants in F. johnsoniae ancestral strain

Single mutations of interest observed in the coevolved lines were engineered into the
ancestral strain. These mutants were constructed following the previously described method
(284), with the exception a nested PCR step. All primers used in this study are listed in

Appendix A Table 23.

Nested PCR

DNA extracted from coevolved lines for whole genome sequencing was used as
templates for PCR. Coevolved line 1 (JCCEO1) was used to amplify the 33 bp deletion in tolC (F.
johnsoniae locus FJOH_RS06580; 261-293 in coding sequence), coevolved line 3 (JCCEO3) was
used to amplify the nonsynonymous mutation in to/C (F. johnsoniae locus FJOH_RS06580;
G247A in coding sequence), and coevolved line 4 (JCCEO4) was used to amplify the base
insertion sequence in ragB/susD (F. johnsoniae locus FJOH_RS24865; G at 794 in coding
sequence). Nested PCR was performed to obtain enough DNA for restriction digestion and
plasmid ligation. For the first round of nested PCR, a 3.3-kbp fragment containing to/CA33 or
tolC (G247A) was amplified using primers 1001 and 1002. A 3.5-kbp fragment containing
ragB794_795insG was amplified using primers 1010 and 1011. The PCR reactions contained
reagents and volumes outlined in Appendix A Table 24. PCR conditions were as follows: 98 °C
for 30,98 °Cfor 10's, 56 °Cfor 15 s, and 72°C for 70 s, repeated 29 times from step 2, followed
by 72°C for 10 min and hold at 4 °C. PCR products were run on a 0.8% agarose gel at 100V for

60 min. PCR bands at the correct fragment sizes were excised from the gel and extracted using

165



Wizard® SV Gel and PCR Clean-Up System (Promega Corporation, Madison WI). PCR products

were quantified using a qubit 2.0 fluorometer (Invitrogen, Carlsbad, CA, USA).

For the second round of PCR, a 3.2-kbp fragment containing to/CA33 or tolC (G247A)

was amplified using primers 1003 (engineered Xbal site) and 1004 (engineered BamHI site). A
3.1-kbp fragment containing ragB794_795insG was amplified using primers 1012 (engineered
Xbal site) and 1013 (engineered BamHlI site). The PCR reactions contained reagents and
volumes outlined in Appendix A Table 25. PCR conditions were as follows: 98 °C for 30 s, 98 °C
for 10 s, 56 °Cfor 155, and 72°C for 70 s, repeated 29 times from step 2, followed by 72°C for
10 min and hold at 4 °C. PCR products were run on a 0.8% agarose gel at 100V for 60 min. PCR
bands at the correct fragment sizes were excised from the gel and extracted using Wizard® SV
Gel and PCR Clean-Up System (Promega Corporation, Madison WI). PCR products were

guantified using a qubit 2.0 fluorometer (Invitrogen, Carlsbad, CA, USA).

Plasmid isolation and purification

A E. coli DH5amcr_pYT354 freezer stock was plated on lysogeny broth (LB) agar with
ampicillin (100 pg/mL) and incubated overnight at 37 °C. A single colony was inoculated into 5
mL LB with ampicillin (100 pg/mL) and incubated at 37 °C, 200 rpm overnight. Plasmid was
extracted and purified the following morning using the E.Z.N.A.® Plasmid DNA Mini Kit | Q-spin

(Omega Bio-tek, Norcross, GA) according to the manufacturer’s instructions.
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Restriction enzyme digestion and ligation

Separately prepared restriction enzyme double digestions were performed on purified
PCR products from nested PCR round 2 and pYT354. The reaction reagents and volumes are
outlined in Appendix A Table 26. Reactions were incubated at 37 °C for 15 min. Reactions were
then run on a 0.8% agarose gel at 100V for 60 min. Bands at the correct fragment sizes were
excised from the gel and extracted using Wizard® SV Gel and PCR Clean-Up System (Promega
Corporation, Madison WI). PCR products were quantified using a qubit 2.0 fluorometer

(Invitrogen, Carlsbad, CA, USA).

The PCR fragment containing to/CA33 was ligated to pYT354 to form pJC101, the PCR
fragment containing tolC (G247A) was ligated to pYT354 to form pJC102, and the PCR fragment
containing ragB794_795insG was ligated to pYT354 to form pJC103. Ligation reagents are
outlined in Appendix A Table 27. The reactions were incubated at room temperature for 10 min

and then heat inactivated for 10 min at 65 °C.

Preparation of heat shock competent cells

A E. coli DH5amcr freezer stock was plated on lysogeny broth (LB) agar and incubated
overnight at 37 °C. A single colony was inoculated into 5 mL LB and incubated at 37 °C, 200 rpm
overnight. One mL of the overnight cultured was diluted into 100 mL LB and incubated at 37 °C,
200 rpm until the OD reached 0.3 (~ 2 h). The culture was placed on ice for 15 min. Two 45 mL
aliquots were placed into 2, 50 mL falcon tubes and centrifuged at 4 °C, 4000 rpm for 10 min.

Supernatant was decanted, and the pellets were resuspended in 45 mL ice-cold 0.1 M CaCl,. The
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resuspended cultures were placed on ice for 30 min. Cultures were then centrifuged at 4 °C,
4000 rpm for 10 min. Supernatant was decanted, and the pellets were resuspended in 4.5 mL
ice-cold 0.1 M CaCl, with 15% glycerol. The cultures were then distributed as 50 pL aliquots into
microcentrifuge tubes. Competent cells were stored as freezer stocks at -80 °C until ready for

use.

Heat shock transformation

Heat shock competent cells (50 uL) were removed from the freezer and placed on ice for
20 min (4 tubes, 1 for each ligation product and 1 pYT354 plasmid control). Two L of ligation
products (and 1 pL of 10 ng/ulL pYT354 plasmid) were added to each tube and placed on ice for
an additional 20 min. Cells were then heat shocked for 45 s at 42 °C. Heat shocked cells were
placed on ice for 2 min. One mL of super optimal broth (SOC) medium was added to each tube
and the tubes were incubated at 37 °C, 200 rpm for 1 h. Cells were pelleted by centrifugation at
4000 g for 2 min at 4 °C. The supernatant was removed (950 pL) and the remaining culture was
plated on LB agar containing ampicillin (100 pug/mL). Plates were incubated over night at 37 °C.
Successful transformants were inoculated into LB containing ampicillin (100 pg/mL) and
incubated overnight. Freezer stocks were made the following morning for triparental

conjugation.
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Triparental conjugation and recombinant confirmation

pJC101, pJC103, and pJC104 in recombinant E. coli DH5aMCR needed to be transferred
to the F. johnsoniae ancestral strain. This was introduced into F. johnsoniae by triparental
conjugation as previously described (285) using recombinant E. coli DH5aMCR, F. johnsoniae
ancestor, and E. coli HB101 (carrying the helper plasmid pRK2013), except that the sacB and
ermF-containing suicide vector was used to select for successful F. johnsoniae recombinants
(284). F. johnsoniae recombinants (JCACO1, JCAC02, JCAC03) were confirmed by sanger
sequencing at the Michigan State Genomics Core using primers 1005 and 1006 for to/CA33 or

tolC (G247A) recombinants and primers 1014 and 1014 for the ragB794_795insG recombinant.

Acetyl-CoA carboxylase carboxyl transferase subunit alpha (AccA) protein alignment

AccA sequences were download from F. johnsoniae UW101 (protein ID:
WP_011921560.1) and from Salmonella enterica serovar Typhimurium strain LT2 (protein ID:
NP_459237.1) on NCBI and concatenated as a text file. The text file was uploaded to T-Coffee
(Version_11.00) for protein alignment using default parameters (286). The FASTA alignment file
from T-Coffee output was download and used as input for BoxShade (version 3.21) using

default parameters. The protein alignment was then uploaded to Inkscape for final edits.

Re-plating experiments

Strains of interest were plated from freezer stocks onto TSA50. Plates were incubated

over night at 27 °C. Single isolated colonies were inoculated as separate cultures in 7 mL TSB50.
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Cultures were incubated over night at 27 °C, 200 rpm. The following day, the cultures were
pelleted by centrifuged at 5000 rpm for 10 min, the supernatant was removed, and the cultures
were resuspended in 1X PBS. This process was repeated once more. The cultures were
resuspended in PBS at a final volume of 5 mL. The OD was measured and each culture was
back-diluted to an OD of 0.1 in PBS. Ten pL of a culture (OD 0.1) was spotted onto M9 minimal
salts agar plates containing 0.2% glucose. Strains were either plated in isolation or co-plated
together. When co-plated together, strains were spotted 14 mm apart. Plates were incubated
at 27 °C for various amounts of time (see figure legends for details). B. thailandensis transposon

mutants were acquired from the Manoil lab (287).

Data availability

Supplemental files, sanger sequencing files, and our breseq pipeline are available at
[https://github.com/ShadeLab/Paper_Chodkowski_Coevolution_2021]. F. johnsoniae whole genome
sequences files are available on NCBI’s Segence Read Archive (SRA;

https://www.ncbi.nlm.nih.gov/biosample/?term=(Ashley%20Shade)%20AND%20biosample sra[filter]%

20AND%20public[filter]).

Results

B. thailandensis produces a bioactive compound that inhibits F. johnsoniae

B. thailandensis inhibits F. johnsoniae when co-plated on M9-agar plates (Figure 5.1). B.
thailandensis exhibits radial growth on all edges along the circumference of the colony while F.

johnsoniae proximal to B. thailandensis is inhibited. However, the distal end of the F. johnsoniae
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can grow away from B. thailandensis, suggesting that F. johnsoniae can still grow in the

presence of an antibiotic.
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Figure 5.1. B. thailandensis-produced antibiotic inhibits F. johnsoniae.

B. thailandensis (right) and F. johnsoniae (left) were co-plated on M9-glucose agar at a distance
that allowed for chemical interactions. An unidentified antibiotic(s) inhibited the growth of F.

johnsoniae.
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Efflux allows F. johnsoniae to grow in the presence of a B. thailandensis-produced antibiotic

Given the growth pattern of F. johnsoniae when co-plated with B. thailandensis, we
hypothesized that efflux contributed to F. johnsoniae growth under antibiotic exposure. We
extracted bioactive supernatant from B. thailandensis grown in monoculture. We treated F.
johnsoniae cultures with the bioactive supernatant alone and in combination with daidzein, an
efflux pump inhibitor (288). The bioactive supernatant inhibited F. johnsoniae growth, daidzein
did not, and the bioactive supernatant + daidzein synergistically inhibited F. johnsoniae (Figure
5.2). This suggests that F. johnsoniae growth is still permitted in the presence of an antibiotic

because of efflux-mediated antibiotic extrusion.

The bioactive supernatant was obtained from B. thailandensis grown in monoculture,
suggesting that its antibiotic production is not induced by the presence of F. johnsoniae.
Bactobolin is well-characterized antibiotic produced by B. thailandensis in stationary phase
monocultures (100, 227). Thus, we hypothesized that bactobolin was the bioactive compound
inhibiting F. johnsoniae growth. We used a btaK::T23 transposon mutant to test for F.
johnsoniae inhibition. btaK (BTH_111233) is directly involved in the biosynthesis of bactobolin
and btaK mutants do not produce bactobolin (100). The B. thailandensis btaK::T23 transposon
mutant still inhibited F. johnsoniae despite the inability to produce bactobolin (Appendix B
Figure 33), suggesting that bactobolin was not the bioactive compound or that multiple

bioactive compounds inhibit F. johnsoniae.
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Figure 5.2. F. johnsoniae efflux system contributes to the extrusion of a B. thailandensis-

produced antibiotic.

An end-point growth measurement was taken after F. johnsoniae incubation with bioactive
supernatant (Sup), daidzein efflux pump inhibitor (Epi), or a combination of the bioactive
supernatant and daidzein (Sup+Epi). An untreated culture (CulC), culture with DMSO (DS),
culture with methanol (MeOH), culture with combined solvents (DS+MeOH), and blank medium
(Neg) served as controls. An ANOVA was performed comparing all treatments to the culture
control. A Tukey HSD post-hoc analysis was performed for pairwise comparisons. Data shown
are representative of 5 independent experiments; * p<0.05, ** p<0.001, ***p<0.0001, ns: not

significant.
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Coevolutionary outcomes of B. thailandensis-F. johnsoniae interactions

F. johnsoniae displayed intrinsic mechanisms to remove the B. thailandensis-produced
antibiotic, but we were also interested in the evolutionary outcomes from long-term
exometabolite interactions between these strains. Specifically, we asked if and how F.
johnsoniae could increase antibiotic resistance if coevolved with B. thailandensis. We
performed an agar-based coevolution experiment with monoculture controls (Appendix B
Figure 34). Strains were placed 14 mm apart to allow for exometabolite exchange and passaged
onto another plate before intergrowth of the colonies could occur. It was observed that B.
thailandensis attenuated F. johnsoniae growth during the first plate passage (Appendix B Figure
35). We observed that the growth, as measured by radial growth, of F. johnsoniae generally
increased with each successive plate passage (Figure 3 and Appendix B Figure 35), suggesting

that F. johnsoniae obtained increased resistance to the antibiotic.

We found that antibiotic resistance did increase because of co-plating, as coevolved F.
johnsoniae grew more successfully than the evolved monoculture when plated with the B.
thailandensis ancestor (Appendix B Figure 36). Interestingly, coevolved F. johnsoniae was also
able to resist colony invasion by B. thailandensis while evolved monoculture could not
(Appendix B Figure 37). Overall, these results suggest evolved outcomes of long-term

exometabolite interactions, specifically increased resistance to antibiotics.
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Figure 5.3. F. johnsoniae trends toward increased growth success with each plate passage in

the presence of B. thailandensis.

Radial colony growth of coevolved F. johnsoniae was measured from the center of the colony to
point of furthest growth on the agar plate. Measurements were taken at the end of each plate

passage.
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Whole genome sequencing reveals genetic signatures of antibiotic resistance

We performed whole genome sequencing to look for mutations that may have
contributed to increased antibiotic resistance in F. johnsoniae coevolved lines. Clonal isolates
from the F. johnsoniae ancestor and from all 5 independent replicates, both from coevolved
and monocultures from the fifth plate passage, were sequenced. Mutations were observed in
all isolates (Table 5.1, Supplemental File 1). Most mutations were unique when comparing
genes with mutations observed in monocultures to coevolved lines (Appendix B Figure 38). This

suggests that there were evolved outcomes to exometabolite interspecies interactions.

Mutations in an efflux outer membrane protein suggested antibiotic resistance (Table
5.2). A tolC mutation was observed in 4 out of the 5 coevolved lines. While F. johnsoniae
contains 16 tolC genes (Appendix A Table 28), the same gene was mutated in 4 independent
replicates. Furthermore, parallel evolution was found at the nucleotide level, as 3/4 coevolved
lines with mutations in to/C had the same 33 bp deletion (Supplemental File 1). This deletion
occurred from nucleotides 261-293 in the FJOH_RS06580 coding sequence, resulting in a
deletion that was not aligned with the codon sequence but did not disrupt the normal
sequence of codons (Figure 5.4). This deletion appears to have occurred in one of the
extracellular loops of TolC. An 11 bp direct repeat was observed just before the start of the
deletion and represented the last 11 bp of the 33 bp deletion, suggesting a replication deletion
event. The other mutation in FJOH_RS06580 (coevolved line 3) was a single nucleotide
polymorphism (G247A in the coding sequence) that resulted in a nonsynonymous mutation
(G83R). Protein modeling suggested that this mutation narrowed the diameter of the efflux

channel (Appendix B Figure 39). Coevolved line 4 did not harbor a mutation in FJOH_RS06580
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but had a unique bp insertion in a ragB/susD nutrient uptake outer membrane protein
(FJOH_RS24865). Guanine was inserted at nucleotide position 794 in the coding sequence for
FJOH_RS24865. This frameshift mutation resulted in a premature termination codon 6 bp

downstream of the insertion, rendering the protein nonfunctional.
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Table 5.1. Summary of mutation types observed in F. johnsoniae from the (co)evolution

experiment.

Mutations are representative of clonal isolates at plate passage 5.

F.

johnsoniae
isolate

Total

Insertion

Deletion

Nonsynonymous

Synonymous

Nonsense

Coevolved
rep1

Coevolved
rep 2

Coevolved
rep 3

Coevolved
rep 4

Coevolved
rep 5

Evolved
monoculture
rep 1

Evolved
monoculture
rep 2

Evolved
monoculture
rep 3

Evolved
monoculture
rep 4

Evolved
monoculture
rep5

Ancestor?

2

0

1

1

aAncestor mutations are not counted toward total mutations in the evolved lines.

179




Table 5.2. Distinctions and overlaps of loci with mutations unique to the coevolved lines.

These mutations were present (v/, mutation present; x, mutation not present) in at least one

coevolved line and not present in any of the evolved monocultures.

F. johnsoniae Rep Rep Rep Rep Rep

Locus

Annotation

1

2

3

4

5

FJOH_RS00255

acetyl-CoA carboxylase carboxyltransferase subunit
alpha

X

X

v

X

X

FJOH_RS02320

aminomethyl-transferring glycine dehydrogenase

FJOH_RS04780

FJOH_RS06580

FJOH_RS07830

FJOH_RS09515

FJOH_RS09520

FJOH_RS11170

FJOH_RS12240

FJOH_RS14175

FJOH_RS20510

FJOH_RS21875

FJOH_RS24865

hypothetical protein

TolC family protein

NAD(P)/FAD-dependent oxidoreductase

response regulator transcription factor

GHKL domain-containing protein

Gfo/Idh/MocA family oxidoreductase

phosphoribosylformylglycinamidine cyclo-ligase

response regulator transcription factor

TetR/AcrR family transcriptional regulator

glycoside hydrolase

RagB/SusD family nutrient uptake outer membrane
protein

FJOH_RS25290

phosphoribosylanthranilate isomerase
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Gly Ala Ala Pha Gly Ala Pro Gly Thr &la lle Gln Ala Ala Phe Gly
| | | | | | | | | | |

GGAGCAGCATTTGGE TGOGUOGGGAACTGCAATTCAGGCAGCATTTGGA

Figure 5.4. A tolC 33 bp deletion is located on a TolC extracellular loop.

The TolC protein (A) contains a a-helical trans-periplasmic tunnel, a B-barrel channel embedded
in the outer membrane, and extracellular loops at the cell surface. The yellow box represents
the inset in (B), where the 11 amino acids corresponding to the 33 bp deletion are highlighted
in blue. These amino acids are part of one of the extracellular loops. The nucleotide sequence is
shown below the image, representing bps 247-294 in the FJOH_RS06580 coding sequence. The
corresponding amino acids are shown above each codon. Nucleotides highlighted in blue

represent the 33 bp deletion. Nucleotides highlighted in orange show how the 33 bp deletion
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Figure 5.4 (cont’d)

does not disrupt the normal sequence of codons. The 11 bp direct repeats are in bold and
underlined. The nucleotide highlighted in green is associated with the nonsynonymous

mutation (G247A in the coding sequence, G83R in TolC).
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The FJOH RS06580 tolC 33 bp deletion confers antibiotic resistance

We asked whether the mutations in to/C or the mutation in ragB/susD would provide
resistance to the B. thailandensis-produced antibiotic. These mutations were amplified from
the coevolved lines and recombined into the F. johnsoniae ancestor so that the ancestor would
only harbor one of these mutations without the additional mutations observed in the coevolved
lines. Strains and plasmids used to make recombinant F. johnsoniae are outlined in Table 5.3.
Uniform colony growth was observed in recombinant strain JCACO1 when plated with B.
thailandensis, suggesting that the 33 bp deletion confers some degree of antibiotic resistance
(Figure 5.5). In contrast, the ancestor and strains JCAC03/JCACO4 displayed sparse colony
growth in the presence of B. thailandensis. In fact, JCACO3 appeared to have less growth
success than the ancestor, suggesting that a narrower opening to the TolC efflux channel is
detrimental to fitness. However, the 33 bp deletion in to/C alone was not enough to confer
equivalent resistance observed in the coevolved lines (Appendix B Figure 40). Recombinant
strains with the 33 bp deletion in to/C grew better than the ancestor but not as well at the
coevolved lines when plated with B. thailandensis. This suggests that coevolved lines harboring

the tolC 33 bp mutation contain additional antibiotic resistance-conferring mutations.
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Table 5.3. Strains and plasmids used in this study.

Strain or plasmid

Description®

Source or reference

Escherichia coli strains

DH5amcr

Strain used for general cloning

Life Technologies
(Grand Island, NY)

HB101

Strain used with pRK2013 for triparental
conjugation

289; 290

Kmf

DH5amcr_pYT354 pYT354 in DH5amcr; sacB-containing suicide | 284
vector

B. thailandensis strain

E264 (ATCC 700388) Wild type 129

F. johnsoniae strains

UW101 (ATCC 17061) Wild type 291

JCCEO1 Coevolved strain containing a 33 bp (261- This study
293) deletion in tolC (FJOH_RS06580)

JCCEO3 Coevolved strain containing a This study
nonsynonymous mutation (G247A) in tolC
(FJOH_RS06580)

JCCEO4 Coevolved strain containing an insertion (G) | This study
at position 794 in ragB/susD
(FJOH_RS24865)

JCACO1 tolC 33 bp deletion placed in ancestor This study

JCACO2 tolC G247A mutation placed in ancestor This study

JCACO3 ragB/susD bp (G) insertion at position 794 This study
placed in ancestor

Plasmids

pYT354 sacB-containing suicide vector; Ap" (Em"). 284
pYT354 is modified from pYT313 with
different multiple cloning site

pJC101 Construct used to replace ancestral native This study
tolC with tolC 33 bp deletion

pJC102 Construct used to replace ancestral native This study
tolC with tolC G247A

pJC103 Construct used to replace ancestral native This study
ragB/susD with ragB/susD 794G inseration

pRK2013 Helper plasmid for triparental conjugation; 290

aAbbreviations: Ap"-ampicillin resistance, 100 micrograms per ml; Km" kanamycin resistance 30
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Table 5.3 (cont’d)

micrograms per ml; (Em"-erythromycin resistance, 100 micrograms per ml for F. johnsoniae).
Antibiotics resistance phenotypes listed in parentheses (Em) are those expressed in F.
johnsoniae but not in E. coli. Antibiotics resistance phenotypes listed not in parentheses (Ap,

Km) are those expressed in E. coli but not in F. johnsoniae.
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B. thailandensis |#88 JCACO1 B. thailandensis

B. thailandensis JCACO0O4 B. thailandensis

Figure 5.5. The tolC 33 bp deletion confers antibiotic resistance.

The ancestor (A) and recombinant strains of F. johnsoniae ancestor (C-D) were co-plated with B.
thailandensis. The recombinant strain with the tolC 33 bp deletion (B) displays uniform colony
growth while the ancestor and other recombinant strains display sparse colony growth. Plates

were imaged after a week of incubation.
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Thailandamide is one of the bioactive molecule produced by B. thailandensis

The nonsynonymous mutation in to/C did not confer resistance to the B. thailandensis-
produced antibiotic. But, F. johnsoniae coevolved line 3 still developed resistance to the
antibiotic despite harboring this mutation (Figure 5.6A). We observed that coevolved line 3 also
contained a unigue nonsynonymous mutation in acetyl-CoA carboxylase carboxyltransferase
subunit alpha (accA, Table 5.2). This was a C479A nonsynonymous mutation in the coding
sequence of accA that resulted in a P160Q alteration in AccA. This mutation was reminiscent to
a P164Q mutation in AccA from Salmonella enterica serovar Typhimurium strain LT2 that
conferred resistance to thailandamide from B. thailandensis (229). Thailandamide is a
characterized antibiotic that inhibits fatty acid synthesis (292). The P164Q mutation from S.
enterica aligned with the P160Q mutation observed in our coevolved line (Figure 5.6). Thus, we
hypothesized that thailandamide was also the antibiotic responsible for inhibition of F.

johnsoniae.

We plated the F. johnsoniae ancestor with B. thailandensis thaF (BTH_111675), thaA
(BTH_I111681), and atsR (BTH_10633) transposon mutants. thaF encodes a polyketide synthetase
trans-AT domain directly involved in the biosynthesis of thailandamide, thaA encodes a LuxR-
type regulator in the thailandamide biosynthetic gene cluster, and astR encodes a global
regulator. ThaA positively regulates the thailandamide biosynthetic gene cluster while AtsR
negatively regulates the thailandamide biosynthetic gene cluster. We found that thaF::T23 and
thaA::T23 mutants decreased inhibition of F. johnsoniae (Figure 5.6B and Figure 5.6C) while the
atsR::T23 mutant increased inhibition of F. johnsoniae (Figure 5.6D). This suggests that

thailandamide is bioactive against F. johnsoniae. However, F. johnsoniae was still slightly
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inhibited when plated with thaF::T23 and thaA::T23 mutants, which also suggests that in
addition to thailandamide, there may be another B. thailandensis-produced antibiotic that is

inhibiting F. johnsoniae. However, we were unable to determine this molecule.
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thaF::T23

thaA::T23]

D] atsR::T23

UW1l01l ACC-alpha 1 U--EYBIFILEKIRIEQLEKCVIIGKE - - - SJVDVTPTCKEINKRLEQT
LT2 ACC-alpha 1 N3LD FE(e] 1BAAAKIDSLTAVSROPJAFJLPINIDEEVHRLREINSVEL
consensus 1 %, _*%kkk Kk Kk .. P T .. *

UW1l01l ACC-alpha 46 KKDRYKNMTIIOR V[e}ASEEIINEERFEERNT I KENT C GP)T L NH[ERIIG F K[
LT2 ACC-alpha 51 TRKHFADAGLY[O]VA[RAAII:IZOIIDEYHNNIVR - LA FBE)FD|AA[I)IA Y A|s]s)iie
s Lok ok *k kkk *kk . Kk k kk kkk__ kk*

consensus 51 * % %k LKk k ok ok

UW1l01] ACC-alpha 96 VA& LGKINEOQOSEF O e/ Y NUNATRQY NPEGYRKALRLM)Y
LT2 ACC-alpha 100 INe[e TARLE[ERPVINT[GHO)(CREJYAEK IR 1ZAPEGYRKALRLMY
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Figure 5.6. Thailandamide is bioactive against F. johnsoniae.
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Figure 5.6 (cont’d)

While the nonsynonymous mutation in to/C did not confer antibiotic resistance (present in F.
johnsoniae coevolved line 3), F. johnsoniae coevolved line 3 still displayed antibiotic resistance
at the end of plate passage five (A). B. thailandensis transposon mutants in thaF (B) and thaA
(C) have decreased inhibition toward F. johnsoniae while an atsR transposon mutant has
increased inhibition of F. johnsoniae (D). Below the panels is an amino acid sequence alignment
between the F. johnsoniae AccA and S. enterica AccA. The asterisks indicate positions within
the proteins that were identical. The blue box highlights the alignment of P160 in F. johnsoniae

and P164 in S. enterica.
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Discussion

We performed an experimental coevolution study between a strain capable of antibiotic
production (B. thailandensis) and an antibiotic-sensitive strain (F. johnsoniae). Our findings
show how long-term interspecies interactions, facilitated through chemical exchange via
diffusion in agar, can lead to the evolution of antibiotic resistance. Mutational analysis revealed
that antibiotic resistance was conferred via efflux. Specifically, a 33 bp deletion in tolC. This
deletion corresponded to the elimination of 11 amino acids that were part of an extracellular
loop in TolC. Placing this mutation in the ancestor provided antibiotic resistance but this strain
did not achieve resistance levels observed in the coevolved lines, suggesting additional
mutations can confer even greater antibiotic resistance. A different path to resistance was
achieved through a nonsynonymous mutation in accA. Furthermore, this mutation provided
insight that the B. thailandensis-produced antibiotic was thailandamide, given this mutation
was first described in a Salmonella strain that gained resistance to thailandamide (229). B.
thailandensis transposon mutants with abrogated thailandamide production confirmed that
thailandamide was bioactive against F. johnsoniae, but slight inhibition persisted, suggesting

more than one antibiotic may be bioactive against F. johnsoniae.

Performing the experimental coevolution on agar plates created a heterogenous
environment that set the stage for the evolution of antibiotic resistance. F. johnsoniae growth
at the distal end of the colony was permitted because of an antibiotic concentration gradient
that was established via diffusion. Low-dose antibiotics likely upregulated intrinsic mechanisms
of resistance (e.g. efflux pumps) that conferred low-levels of resistance (293). The ability to

persists in the presence of antibiotics can provide the opportunity for mutational acquisition of
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resistance (278, 294). This was demonstrated experimentally in a seminal study that found that
a heterogenous environment increased the rate of adaptation to antibiotics with as few at 100
bacteria in the initial inoculum (295). This approach has been expanded to show how the initial
adaptation to low levels of antibiotics facilitate adaptations to high levels of resistance (296).
Thus, evolutionary adaptations to antibiotic resistance can be fostered in heterogenous

environments that would otherwise not be achieved in a uniform environment (297, 298).

F. johnsoniae antibiotic resistance was conferred through a 33 bp deletion in to/C. The
occurrence of the 11 bp directed repeats may support a replication misalignment event that led
to the 33 bp deletion (299, 300). TolC forms the outmembrane channel part of the tripartite
AcrAB-TolC drug efflux pump (301). to/C (FJOH_RS06580) is located in an operon that includes
the remaining components necessary for a functional efflux pump. This includes a TetR/AcrR
family transcriptional regulator (FIOH_RS06575), a membrane fusion protein (FJOH_RS06585),
and an inner membrane transporter (FJOH_RS0690). Elimination of 11 amino acids from an
extracellular loop in TolC may result in TolC more frequently adopting an open conformation,
which could increase the rate of antibiotic extrusion. “Leaky” TolC mutants have been
characterized, but these mutations occurred at the periplasmic end of TolC (302, 303). In fact,
mutational studies of the TolC extracellular loops appear uncommon but may present a novel

mechanism for antibiotic resistance (304).

The F. johnsoniae recombinant strain harboring the 33 bp deletion in to/C was resistant,
but not as resistant as the F. johnsoniae coevolved lines to the B. thailandensis-produced
antibiotic. Additional mutations in the coevolved lines are likely to provide increased antibiotic

resistance. For example, coevolved line 1 also harbored a 1 bp insertion (T) at position 4734734
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in FJOH_RS20510, annotated as a TetR/AcrR family transcriptional regulator. This results in a
nonsense mutation that would render the protein nonfunctional. TetR regulators are typically
negative regulators, so a nonfunctional TetR regulator would lead to increased expression of
efflux pump systems (305). We note that this occurred in FJOH_RS20510 and not
FJOH_RS06575, but some TetR regulators have multiple targets and TetR from FJOH_RS20510
could also be negatively regulating the FJOH_RS06580-FJOH_RS06585-FJOH_RS06590 efflux
system (306). The remaining coevolved lines with the 33 bp deletion in to/C (line 2 and line 5)
also had mutations in transcriptional regulators (OmpR and LytTR) but their potential

contributions to increased antibiotic resistance is unclear.

A nonsynonymous mutation in accA in coevolved line 3 also provided resistance to the
B. thailandensis-produced antibiotic. In addition, this mutation guided our efforts to uncover
that thailandamide was the antibiotic produced in B. thailandensis that inhibited F. johnsoniae.
Thailandamide resistance was first characterized in spontaneous mutants from S. enterica
(229). Wozniak and colleagues found 6 unique mutations for 3 different amino acid positions in
AccA that provided thailandamide resistance. One of these mutations was also spontaneously
generated in our study (P160Q in F. johnsoniae, P164Q in S. enterica). B. thailandensis
transposon mutants with abrogated thailandamide production effectively reduced inhibition of
F. johnsoniae. But, noticeable inhibition still persisted. B. thailandensis can produce numerous
antibiotics (100, 102, 250). It is likely that F. johnsoniae was subjected to multiple antibiotics
but other mutations observed in the coevolved lines did not provide insight into antibiotic

resistance to other B. thailandensis-produced antibiotics.
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F. johnsoniae coevolved line 4 did not harbor a mutation in to/C or accA. However, the
ragB/susD mutation was unique to coevolved line 4 and we hypothesized that this may provide
an alternative mechanism for antibiotic resistance. Some antibiotics enter bacterial cells via
nutrient transporters (307, 308). Since the ragB/susD, rendered the protein nonfunctional,
antibiotic resistance could have been conferred to coevolved line 4 by prevention of antibiotic
uptake. We did not find this to be the case, as the F. johnsoniae recombinant strains with the
ragB/susD nonsynonymous mutation had equivalent susceptibility to the B. thailandensis-
produced antibiotic as the F. johnsoniae ancestor. The other mutations in coevolved line 4 may
confer antibiotic resistance or, it is possible that mutations for antibiotic resistance did not
fixate in the population, and we chose an isolate for sequencing that did not acquire a mutation
conferring antibiotic resistance. Bacterial population sequencing could shed light on this

discrepancy.

Our experiment demonstrates how interspecies chemical interactions can have
evolutionary consequences for antibiotic resistance. Coevolution on an agar plate created a
structured environment that allowed for interspecies chemical exchange via diffusion.
Structured environments also occur in natural settings, such as soil, where antibiotic
concentration gradients can be established (309). The exposure to low levels of antibiotics in
heterogeneous environments can select for resistance mutations (310). The diversity of
antibiotics (311) and corresponding resistance mechanisms (312) highlight the genetic novelties
that have arisen from millions of years of bacterial competition. Studying these competitive
interspecies interactions may shed light on coevolutionary arms race for antibiotic upkeep and

antibiotic resistance (313).
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CHAPTER 6 : Conclusions and Future Directions
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Summary

This dissertation examined the consequences of exometabolite-mediated interactions
regarding responses and behaviors of members within a synthetic microbial community and the
genetic mechanisms of adaptive evolution. In Chapter 2, a new synthetic community system
(transwell system) was established that facilitates and focuses on exometabolite-mediated
interspecies interactions. The transwell system consists of two main parts- a 96-well plate
where each well contains a 0.22-um filter bottom, and shared medium reservoir fitted below
the 96 well plate. The transwell system was biologically verified using an AHL producer-AHL
receiver combination. It was demonstrated that AHLs were able to be produced in individual
wells, diffuse into the shared medium reservoir, and be received by the AHL-sensing
population. This is a versatile, scalable system that is readily available to the scientific
community. For example, the transwell plates are compatible with liquid handling robots, which
permits scalable, functional screens. Establishing the transwell system facilitated further studies

in Chapters 3 and 4.

In Chapter 3, we investigated the dynamics of exometabolite production in
monocultures of 3 environmental isolates over stationary phase. We defined dynamic as
compositional changes through time. Broadly, we observed directional dynamics of
exometabolite production for each strain, meaning, there was a stepwise trajectory between
time points where each time point was distinguished from any of the previous time points and
even more distinct from previous time points in PCoA space. This revealed that these microbial
strains were metabolically active in stationary phase and continuing to transform their

environment. Exometabolite production coincided with increased or consistent transcripts
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related to transporters, and consistent population levels, suggesting that live cells were either
actively or passively releasing exometabolites into the shared medium reservoir. Each strain
produced exometabolites involved in either interference or exploitative competition strategies
(e.g. antibiotics or siderophores), suggesting that entry into stationary phase primes bacteria
for competition even in the absence of heterospecifics. But, each strain also released a diverse
array of primary metabolites as well, suggesting strains are primed for both positive and

negative interaction within a microbial community context.

In Chapter 4, we placed these environment isolates in cocultures to observe their
responses and behaviors to interspecies interactions over stationary phase. As observed in
Chapter 3, we also observed directional dynamics, both in transcript and exometabolomic
profiles. Exometabolite interspecies interactions led to differential responses of synthetic
community members. C. violaceum and P. syringae transcriptional responses appeared to be
largely driven by the presence of B. thailandensis, even in the 3-member community. With
reductions in cell populations in both C. violaceum and P. syringae, we hypothesized that these
transcriptional alterations may be due to the responses of bioactive compounds produced by B.
thailandensis. We found that B. thailandensis upregulated numerous biosynthetic genes
clusters (BSGCs) in coculture, encoding bioactive exometabolites involved in both interference
and competitive strategies. Transcriptional upregulation of these BSGCs also resulted in
increased exometabolite abundance of these bioactive compounds in cocultures. Coexpression
network analysis revealed that the expression patterns of B. thailandensis BSGCs were
coregulated to expression patterns of transcripts in both C. violaceum and P. syringae,

suggesting that the influence of B. thailandensis on the transcriptional responses of C.
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violaceum and P. syringae can be attributed to the exometabolites involved in competition
strategies. Furthermore, we found that not all transcriptional responses and exometabolomic
abundances in the 3-member community were additive outcomes observed in pairwise
community arrangements. Lastly, these dynamics occurred over stationary phase, shedding

light on the importance of upkeeping competition strategies during periods of non-growth.

Finally, in Chapter 5, we performed an agar-based coevolution experiment to observe
the genomic signatures of adaptive evolution to antibiotic resistance. B. thailandensis was able
to inhibit F. johnsoniae but, when spotted on agar at a distance that allowed for exometabolite
exchange, F. johnsoniae could grow in the presence of the B. thailandensis-produced antibiotic.
We attributed this growth success to efflux systems and continued to coevolve these strains
through successive plate passages and observed that F. johnsoniae acquired increased
resistance. Genome sequencing revealed two signature of antibiotic resistance- a 33 bp
deletion in tolC and a nonsynonmous mutation in accA. The contribution of the tol/C 33 bp
deletion to antibiotic resistance was confirmed by creating a recombinant F. johnsoniae
ancestor, but the deletion alone was not enough to confer equivalent resistance observed in
the coevolved lines. The accA mutation guided bioactive molecule discovery given its match to
a previously described spontaneous thailandamide-resistant Salmonella mutant. Thailandamide
was found to be responsible for the inhibition F. johnsoniae but inhibition was still observed
when co-plated with a B. thailandensis transposon mutant with abrogated thailandamide,

suggesting F. johnsoniae is inhibited by more than one B. thailandensis-produced antibiotic.

Overall, this work provides a new synthetic community system available to microbial

ecologists interested in studying exometabolite-mediated interspecies interactions (Chapter 2).
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We've contributed to knowledge gaps concerning the transcriptional and exometabolomic
dynamics during stationary phase (Chapter 3 and 4). This work also provides insights into the
maintenance of competition strategies during periods of non-growth, which may have
implications to survival strategies in environments with pulsed-nutrient resources (e.g. soil).
And, we found that behaviors and responses in more complex communities may not always be
a summation of pairwise outcomes, highlighting outcomes in the microbial communities can be
“greater than the sum of its parts” (Chapter 4). Lastly, long-term exometabolomic interspecies

interactions have implications for the emergence of antibiotic resistance (Chapter 5).

Future Directions

I will discuss each project highlighting future studies using a reductionist approach and
then expand future directions to test ecological and evolutionary relationships more broadly.
For the synthetic community, | would like to identify the uncharacterized bioactive molecules
(BSGCs) that were upregulated in cocultures- two from B. thailandensis and one from C.
violaceum. Bacterial coculturing has been a feasible way to discover new bioactive molecules
given the ecological context of upregulated BSGCs when in the presence of competitors (314).
More broadly, a fluorescent reporter system could be established to explore coculture
combinations that upregulate BSGCs (315). | would also like to explore the regulatory landscape
regarding the non-additivity of transcript upregulation and exometabolite production. Low-
dose antibiotics, primary metabolites (e.g. homoserine), and inhibition of pyrimidine

biosynthesis are linked to upregulation of BSGCs in B. thailandensis (250, 251, 315). How do

199



individual stimuli affect the regulatory and metabolic networks in B. thailandensis and, how do

combinations of stimuli synergistically amplify behaviors?

More broadly, the transwell system can be used to test an array of ecological theories.
Diversity-function relationships have been of interest to ecologists for purposes of defining how
microbial community properties scale with output (316). The synthetic community system
allows for a simple bottom-up or top-down approach to tease apart this relationship. For
example, a fluorometric assay can be performed from the shared medium reservoir for
functional enzyme activities (317). This could serve as proxy for nutrient cycling. Diversity can
be defined phylogenetically (16S rRNA) or by functional traits (318) to understand how diversity
scales with functional output. The impact of other community properties, such as evenness can
easily be controlled in the system by the proportions of inoculated wells per member. This is
can also be scaled to a 384 transwell plate to increase community richness (# of members). The
synthetic community system can also be subjected to a disturbance to uncover emergent
properties (319) derived from microbial interactions. Complex interaction networks that
emerge from interspecies interactions likely contribute to microbial community resistance (the
ability to withstand change) and resilience (the rate of recovery after disturbance), collectively
referred to as microbial community stability (320). A microbial community can be subjected to a
disturbance (e.g. thermal or pH stress) and community stability can be temporally tracked via a
functional metric. This baseline disturbance response can then be compared to community
stability subjected to disturbance with member additions or subtractions from the community.
Major deviations of community stability from the baseline treatment could be subject to inquiry

to understand the microbial interactions contributing to gain or loss of stability.
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For the coevolution project, | would be interested in uncovering the additional
antibiotic(s) produced by B. thailandensis that inhibited F. johnsoniae. Using an analytical
approach, | could grow cultures of the thailandamide transposon mutant, collect spent
supernatant, and using chromatograph techniques to isolate the compound. Mass
spectrometry and NMR could then be used for compound identification. | could also use a
biological approach by performing transposon mutagenesis on the thailandamide transposon
mutant to screen for B. thailandensis colonies that no longer inhibit F. johnsoniae. These
mutants of interest can be sent for whole genome sequencing to reveal the additional BSGC
responsible for F. johnsoniae inhibition. | would also like to understand the fitness effects of
antibiotic resistance associated with multiple mutations. Does placing both the 33 bp to/C
deletion and the nonsense mutation in TetR/AcrR family transcriptional regulator confer
greater antibiotic resistance? Sequencing coevolved lines at each plate passage may also reveal

this by looking for the emergence of each of these mutations with time.

| would also like to test the evolutionary outcomes of B. thailandensis. While most focus
in this dissertation was placed on F. johnsoniae, B. thailandensis did coevolve with F.
johnsoniae. This contrasts with another coevolution experiment where the coevolution of
Pseudomonas aeruginosa was monitored with Staphylococcus aureus (321). While P.
aeruginosa was evolved through daily transfers, ancestral S. aureus was grown daily for P.
aeruginosa transfers. Here, this agar-based experiment has the potential to track a
coevolutionary arms race for antibiotic resistance and antibiotic production (313). Are B.
thailandensis coevolved strains more inhibitory toward F. johnsoniae compared to the

ancestor? We have some evidence to suggest that B. thailandensis morphotypes develop
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without the presence of F. johnsoniae. Compared to the ancestor, some of these morphotypes
have increased or decreased inhibition toward F. johnsoniae. What are the genetic
determinants of increased inhibition? These increased inhibitory morphotypes could be

selectively transferred to achieve an coevolutionary arms race.

Lastly, the methods performed for each dissertation chapter could be combined to
study eco-evolutionary outcomes resulting from microbial interspecies interactions. Ghoul and
Mitri describe consequences of competition that have been understudied (233). One of these is
the concept of continued aggression, where ecological stability is predicted to remain low
under scenarios where competitive phenotypes persist. From our synthetic community
member experiments, we demonstrated the upregulation of competitive strategies in
stationary phase. We could perform an experiment that involves continual serial transfers of
the microbial community into new transwell plates that mimic nutrient pulses. The timing of
these pulses could determine the longevity of competitive strategies, where frequent transfers
would limit the effect of competition strategies and infrequent transfers would increase the
effect of competition strategies. Functional outputs and ecological stability could be tested on
these communities across different nutrient pulse regimes at selected time points.
Communities can then be sequenced to understand how coevolutionary processes are tied to
alterations in community members’ competition strategies and overall community stability

(322).
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Appendix A Table 1. Fragments observed from MS/MS analysis of bactobolin.

MS/MS Observed? Calculated PPM Intensity (a.u.)
Fragments

1 366.053  366.051 5.46 7E2

2 365.064 365.067 8.22 4.3E2

3 322.026 \ 322.025 3.11 1.8E3

4 312.039 312.041 6.41 1.6E4

5 294.026 \ 294.030 13.60 3.1E3

6 286.050 286.048 6.99 6.6E2

7 276.021 ‘ 276.019 7.25 1.6E3

aMS/MS data were acquired under positive ionization mode. Bactobolin, (M+H)obs=383.075,

(M+H)calc=383.077
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Appendix A Table 2. C. violaceum primer sets designed for reverse transcription and end-

point PCR.
Primer?® Primer (5’ - 3') Reference GenBank Expected Citation
accession and location | amplicon
size (base
pairs)
vioC_Cv GTCGATCTGGAAGGCAAGTC | LC0O00628.1:4401-5690 240 This study
Forward
vioC_Cv CATGCCGAAGAAGTACAGCA
Reverse
rpoB_Cv GCTATGCCAAGCTGGACTTC | LKIW01000107.1:4687- 190 This study
Forward 8862
rpoB_Cv ATCTCGCCCATGTACACCTC
Reverse

aPrimers were designed using the genome of C. violaceum Cv017 (58).
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Appendix A Table 3. Percent variation explained on the effect of strain, time, and their

interaction on exometabolite profiles.

Permanova revealed strain-specific differences in exometabolite composition (all P < 0.001).

Strain Time Strain x Time
Polar Positive 0.578 0.061 0.685
Polar Negative 0.670 0.026 0.749
Nonpolar Positive 0.762 0.024 0.858
Nonpolar Negative 0.800 0.000 0.865
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Appendix A Table 4. Summary of Protest analyses comparing exometabolite composition

through time across independent replicates.

Coordinates of the first two PCoA axes were used to perform Protest analyses. Ranges reflect

separate Protest analyses performed for each polarity (polar/nonpolar) and ionization mode

(positive/negative).

m12 R P
B. thailandensis 0.019-0.389 0.782-0.990 0.001 -0.040
C. violaceum 0.008 - 0.190 0.900-0.996 0.001-0.035
P. syringae 0.016 - 0.300 0.837-0.992 0.001 -0.075
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Appendix A Table 5. Average Bray-Curtis dissimilarity between group centroids when

comparing each stationary phase time point to the initial, exponential phase time point (12.5

h).

Ranges reflect separate analyses performed for each polarity (polar/nonpolar) and ionization

mode (positive/negative).

Time (h) B. thailandensis C. violaceum P. syringae
25 0.132-0.181 0.232-0.378 0.233-0.374
30 0.148 - 0.215 0.298 —0.382 0.303-0.436
35 0.179-0.265 0.326 -0.442 0.339-0.458
40 0.218-0.323 0.381-0.521 0.370-0.506
45 0.242 - 0.333 0.361 —-0.526 0.391-0.519
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Appendix A Table 6. Average Bray-Curtis dissimilarity between group centroids when
comparing time points in a step-wise manner. Ranges reflect separate analyses performed for

each polarity (polar/nonpolar) and ionization mode (positive/negative).

Time comparisons (h) B. thailandensis C. violaceum P. syringae
25t012.5 0.132-0.181 0.232-0.378 0.233-0.374
30to 25 0.036 - 0.056 0.035-0.112 0.070 - 0.096
35to 30 0.041 -0.064 0.042 -0.078 0.032-0.058
40to 35 0.029- 0.083 0.066 — 0.097 0.049 -0.075
45to 40 0.023 - 0.052 0.023 -0.052 0.036 - 0.057
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Appendix A Table 7. Repeated measures permanova performed on independently replicated
time series within each strain.

P values are listed followed by R2 values in parenthesis.

B. thailandensis C. violaceum P. syringae
Polar Positive 0.001 (0.553) 0.001 (0.644) 0.001 (0.626)
Polar Negative 0.068 (0.363) 0.001 (0.650) 0.002 (0.630)
Nonpolar Positive 0.003 (0.744) 0.002 (0.746) 0.001 (0.892)
Nonpolar Negative  0.001 (0.849) 0.001 (0.877) 0.001 (0.893)
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Appendix A Table 8. Q-values from pairwise adonis tests comparing all time points within a

strain.

Ranges reflect separate analyses performed for each polarity (polar/nonpolar) and ionization

mode (positive/negative).

Time comparisons (h) B. thailandensis C. violaceum P. syringae
25to012.5 0.093-0.21 0.088 -0.15 0.075-0.17
30to 12.5 0.093-0.21 0.088 -0.13 0.075-0.17
35to0 12.5 0.093-0.21 0.088 -0.13 0.075-0.17
40to 12.5 0.093-0.21 0.088 - 0.15 0.075-0.17
45t0 12.5 0.093-0.21 0.088 - 0.15 0.075-0.17

30to 25 0.75-0.89 0.38-1.0 0.15-0.79
35to 25 0.15-0.86 0.16 -0.28 0.15-0.72
40 to 25 0.098 - 0.69 0.088 -0.2 0.075-0.59
45 to 25 0.12-0.69 0.088 -0.2 0.086 - 0.40
35to 30 0.75-0.89 0.49-0.98 0.64-1.0
40 to 30 0.15-0.75 0.13-0.45 0.15-0.79
45 to 30 0.15-0.75 0.11-0.59 0.15-0.60
40 to 35 0.38-0.96 0.16 - 0.56 0.46 -0.97
45 to 35 0.27-0.96 0.15-0.88 0.38-0.83
45 to 40 0.90-0.96 0.87-1.0 0.94-1.0
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Appendix A Table 9. Percent variation explained on the effect of membership, time, and their

interaction on transcriptomic profiles.

Membership Time Membership x Time
B. thailandensis 46.26 13.24 63.11
C. violaceum 60.60 3.88 68.29
P. syringae 77.03 0.00 81.40
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Appendix A Table 10. Summary of Protest analyses comparing transcriptional profiles through

time across independent replicates.

Coordinates of the first two PCA axes were used to perform Protest analyses. Ranges reflect
separate Protest analyses performed between all replicates in a community arrangement.

Values in parenthesis represent the median P value.

m12 R P
B. thailandensis
Monoculture 0.048 - 0.820 0.424 -0.976 0.010-0.867 (0.200)
P. syringae coculture 0.018 -0.049 0.975-0.991 0.001 - 0.001 (0.001)
C. violaceum coculture 0.010-0.112 0.943 -0.995 0.001 - 0.003 (0.001)
3-member 0.013-0.162 0.916 -0.994 0.001 - 0.006 (0.001)
C. violaceum
Monoculture 0.011-0.140 0.927 - 0.995 0.004 - 0.067 (0.039)
P. syringae coculture 0.045-0.206 0.891-0.977 0.003 —0.042 (0.008)
B. thailandensis coculture  0.091 -0.182 0.905 -0.954 0.001 -0.108 (0.019)
3-member 0.190-0.543 0.676 —0.900 0.001 - 0.208 (0.013)
P. syringae
Monoculture 0.178 -0.538 0.680 - 0.907 0.008 —0.136 (0.054)
C. violaceum coculture 0.035-0.251 0.865-0.982 0.001 -0.083 (0.021)
B. thailandensis coculture  0.021 —0.290 0.843 -0.990 0.001 - 0.001 (0.001)
3-member 0.034-0.687 0.560 -0.983 0.007 —0.317 (0.038)
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Appendix A Table 11. PERMANOVA results calculated on independently replicated time series

within members across all community arrangements.

PERMANOVA results are presented as P values followed by R2 values in parenthesis in the first

row. Post-hoc pairwise PERMANOVA results are presented below the first row.

B. thailandensis C. violaceum P. syringae

adonis 0.001 (0.480) 0.001 (0.619) 0.001
(0.778)

MonoFuIture \{s ) 0.002 0.001

B. thailandensis coculture

Mor.loculture VS 0.001 . 0.001

C. violaceum coculture

Monqculture VS 0.001 0.010 .

P. syringae coculture

Monoculture vs 0.001 0.002 0.001

3-member

B. tha/{andenSIS coculture ) } 0.001

vs C. violaceum coculture

B. tha/Ia'ndenSIS coculture i 0.002 -

vs P. syringae coculture

C v:o{aceum coculture vs 0.001 ) -

P. syringae coculture

B. thailandensis coculture ) 0.248 0.068

vs 3-member

C. violaceum coculture vs 0.001 . 0.001

3-member

P. syringae coculture vs 0.001 0.002 -

3-member
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Appendix A Table 12. GO enrichment for plasmid genes in P. syringae.

Enrichment was performed in Cytoscape using the BINGO package.

GO-ID Description p-val g-val Cluster frequency Total frequency
6310 DNArecombination 5.69E-06 1.42E-04 7/3321.2% 76/3397 2.2%
150 Recombinase activity 1.06E-05 1.42E-04 5/3315.1% 32/3397 0.9%
3677 DNA binding 4.19E-05 3.77E-04 13/3339.3% 399/3397 11.7%
15074 DNA integration 3.11E-03 2.10E-02 4/3312.1% 64/3397 1.8%
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Appendix A Table 13. Percent variation explained on the effect of membership, time, and

their interaction on exometabolite profiles.

Membership Time Membership x Time
Polar Positive 45.76 7.26 55.89
Polar Negative 51.61 4.12 58.83
Nonpolar Positive 56.92 9.49 71.88
Nonpolar Negative 64.77 7.94 79.38
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Appendix A Table 14. Summary of Protest analyses comparing exometabolite composition

through time across independent replicates.

Coordinates of the first two PCoA axes were used to perform Protest analyses. Ranges reflect

separate Protest analyses performed for each polarity (polar/nonpolar) and ionization mode

(positive/negative).

ml12 R P
C. violaceum-P. syringae coculture 0.022-0.906 0.307-0.989 0.001—-0.849 (0.025)
B. thailandensis-P. syringae 0.015-0.592 0.638-0.992 0.001-0.667 (0.050)
coculture
B. thailandensis-C. violaceum 0.003-0.456 0.738-0.995 0.001-0.250 (0.003)
coculture
3-member community 0.021-0.556 0.667-0.990 0.001-0.133(0.003)
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Appendix A Table 15. PERMANOVA results calculated on independently replicated time series

across coculture community arrangements.

PERMANOVA results are presented as P values followed by R2 values in parenthesis in the first

row. Post-hoc pairwise PERMANOVA results are presented below the first row.

Polar Polar Nonpolar Nonpolar
Positive Negative Positive Negative
0.001 0.001 0.001 0.001

adonis (0.475) (0.531) (0.585) (0.662)

B. thailandensis-C. violaceum coculture vs

. . 0.001 0.001 0.001 0.001

C. violaceum-P. syringae coculture

B. thallafvdenys-.C. v10lac.teum coculture vs 0.001 0.001 0.001 0.001
B. thailandensis- P. syringae coculture

B. tha{landenSIS— P. sy.rmgae coculture vs 0.001 0.001 0.001 0.001
C. violaceum-P. syringae coculture

3-member community vs 0.001 0.001 0.001 0.001
C. violaceum-P. syringae coculture

3-member community vs
B. thailandensis- P. syringae coculture 0.001 0.001 0.001 0.001

3-member community s 0.002 0.008 0.019 0.025

B. thailandensis-C. violaceum coculture
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Appendix A Table 16. Number of predicted biosynthetic gene clusters (BSGCs, first row)

followed by the quantity of upregulated BSGCs in cocultures.

B. thailandensis C. violaceum P. syringae

Predicted BSGCs 28 14 10
C. violaceum-P. syringae coculture - 0 0
B. thailandensis-P. syringae 8 - 0
coculture

B. thailandensis-C. violaceum 10 1 -
coculture

3-member community 11 1 0
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Appendix A Table 17. Identification of B. thailandensis-derived bioactive metabolites from

mass spectral data.

Molecular Observed Calculated PPM RT Scan File
species
Bactobolin Parent 383.0778 383.0769 2.34939773 4.22 1440  ZHILIC5um_POS-
MSMS_3mem-
45hr_Run76.mzML
MS/MS 365.0674 365.067 1.09568928 422 1441  ZHILIC5um_POS-
Fragment MSMS_3mem-
45hr_Run76.mzML
MS/MS 322.0248 322.025 0.62106979 4.22 1441  ZHILIC5um_POS-
Fragment MSMS_3mem-
45hr_Run76.mzML
MS/MS 312.0406 312.041 1.28188283 422 1441  ZHILIC5um_POS-
Fragment MSMS_3mem-
45hr_Run76.mzML
MS/MS 294.0301 294.03 0.34010135 4.22 1441  ZHILIC5um_POS-
Fragment MSMS_3mem-
45hr_Run76.mzML
MS/MS 286.0491 286.048 3.84550845 422 1441  ZHILIC5um_POS-
Fragment MSMS_3mem-
45hr_Run76.mzML
MS/MS 276.0192 276.019 0.7245878 4.22 1441  ZHILIC5um_POS-
Fragment MSMS_3mem-
45hr_Run76.mzML
Capistruin Parent 1025.0189 1025.0191 0.195118315 11.09 3750  ZHILIC5um_POS-
MSMS_3mem-
45hr_Run76.mzML
MS 1036.011 1036.01 0.965241648 11.09 3750  ZHILIC5um_POS-
Adduct MSMS_3mem-
45hr_Run76.mzML
Melleilactone Parent 305.1752 305.1748 1.310724 7.15 2534 C18 NEG-
MSMS_3mem-
45hr_Run77.mzXL
MS/MS 277.1807 277.1799 2.886212 7.15 2536 C18_NEG-
Fragment MSMS_3mem-
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Appendix A Table 17 (cont’d)

MS/MS 249.1489 249.1486 1.204101 7.15 2536 C18_NEG-
Fragment MSMS_3mem-
45hr_Run77.mzXL
MS/MS 221.154 221.1537 1.356523 7.15 2536 C18_NEG-
Fragment MSMS_3mem-
45hr_Run77.mzXL
MS/MS 139.04 139.039 7.192227 7.15 2536 C18_NEG-
Fragment MSMS_3mem-
45hr_Run77.mzXL
Rhamnolipid Parent 761.5052 761.5046 0.787914 8.48 4036 C18_NEG-
MSMS_3mem-
45hr_Run77.mzXL
MS/MS 535.3125 535.3113 2.241686 8.48 4037 C18_NEG-
Fragment MSMS_3mem-
45hr_Run77.mzXL
MS/MS 225.1858 225.185 3.552635 8.48 4037 C18_NEG-
Fragment MSMS_3mem-
45hr_Run77.mzXL
Thailandamide Parent 718.4279 718.4314 4.871725 5.07 2547 C18_POS-
MSMS_3mem-
45hr_Run76.mzXL
MS- 735.4571 735.4579 1.087758 5.07 2547 C18_POS-
Adduct MSMS_3mem-
45hr_Run76.mzXL
Parent 716.4163 716.4157 0.837503 5.03 2429 C18_NEG-
MSMS_3mem-
45hr_Run77.mzXL
Pyochelin Parent 325.0667 325.068 3.999163 4.77 2379 C18_POS-
MSMS_3mem-
45hr_Run76.mzXL
MS/MS 178.0317 178.0325 4.493562 4.77 2381 C18_POS-
Fragment MSMS_3mem-
45hr_Run76.mzXL
MS/MS 146.0267 146.0267 0 4.77 2381 C18_POS-
Fragment MSMS_3mem-
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Appendix A Table 18. One-way ANOVA? comparing the quantitation of identified secondary

metabolites between community arrangements with B. thailandensis membership.

Df (between) Df (within) Fvalue p
Bactobolin 6 160 39210  <2e-16
Capistruin 6 160 77.83 <2e-16
Melleilactone 6 121 150.10  <2e-16
Rhamnolipid® 6 136 39.34 <2e-16
Thailandamide 6 121 61.02  <2e-16
Pyochelin 6 136 105.20 <2e-16

aFormula: aov(formula = log(Value) ~ Membership, data = .)

bRhamnolipid congener Rha-Rha-C14-C14
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Appendix A Table 19. TukeyHSD post-hoc results comparing quantitation of identified
secondary metabolites between community arrangements with B. thailandensis membership.

Values represent the adjusted P-value.

Bactobolin  Capistruin Melleilactone = Rhamnolipid® Thailandamide Pyochelin

Monoculture vs
P. syringae 8.41E-01 8.00E-07 4.00E-07 2.26E-01 1.25E-04 4.85E-01
coculture
Monoculture vs
C. violaceum 3.54E-01 8.45E-02 < 1.00E-07 2.53E-02 < 1.00E-07 8.55E-01
coculture
Monoculture vs
3-member
C. violaceum
coculture vs
P. syringae
coculture
P. syringae
coculture vs 3.28E-01 9.99E-01 1.00E-07 6.50E-03 4.32E-03 4.24E-02
3-member
C. violaceum
coculture vs 6.08E-02 4.20E-03 1.76E-03 7.76E-02 9.97E-1 6.20E-03
3-member
2Rhamnolipid congener Rha-Rha-C14-C14

8.27E-01 5.00E-07 < 1.00E-07 1.00E-05 < 1.00E-07 7.13E-04

8.38E-01 6.48E-03 5.45E-02 7.68E-01 9.27E-03 9.11E-01
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Appendix A Table 20. Network summary results from interspecies coexpression networks.

Network B. thailandensis-C. violaceum B. thailandensis-P. syringae
Member B. thailandensis C. violaceum B. thailandensis P. syringae
Total nodes 2701 2043 3254 3478
Nodes with only 2418 1814 2749 2996
intraspecies edges
Nodes with 283 229 505 482
interspecies edges
Total edges 9382 7240 15801 23319
Intraspecies edges 9074 6932 15056 22574

Interspecies edges

308
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Appendix A Table 21. Repeated measures ANOVA results comparing the “expected”

exometabolite abundance over the time course of select identified exometabolites to the

experimentally detected abundance.

The “expected” abundance was determined by adding the peak areas from the pairwise

cocultures with B. thailandensis at each time point.

Effect DFn DFd F P2

Thailandamide

Membership 1 2 5.755 1.39E-01
Time 5 10 51.698 8.02E-07
Membership:Time 5 10 39 3.20E-02
Pyochelin

Membership 1 2 13.877 6.50E-02
Time 5 10 10.116 1.00E-03
Membership:Time 5 10 2.043 1.57E-01
Capistruin

Membership 1 3 0.53 5.19E-01
Time 5 15 2.7 6.20E-02
Membership:Time 5 15 1.413 2.75E-01

aNote: One representative test is displayed. See caveat in methods section: Non-additive

metabolomics production.
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Appendix A Table 22. Post-hoc pairwise analyses comparing the “expected” exometabolite

abundance to the experimental exometabolite abundance at each time point.

BtCv+BtPs represents the “expected” additive sum of pairwise cocultures with B. thailandensis

and BtCvPs represents the experimental 3-member community.

Time Group 1 Group 2 N1 N2 P.adj
Thailandamide
125 BtCv+BtPs BtCvPs 3 3 0.025
25 “ “ “ “ 0.365
30 “ “ “ “ 0.115
35 “ “ “ “ 0.0944
40 “ “ “ “ 0.0715
45 “ “ “ “ 0.0723
Pyochelin
125 BtCv+BtPs BtCvPs 3 3 0.248
25 “ “ “ “ 0.108
30 “ “ “ “ 0.0897
35 “ “ “ “ 0.0943
40 “ “ “ “ 0.146
45 “ “ “ “ 0.124
Capistruin
12.5 BtCv+BtPs BtCvPs 4 4 0.0673
25 “ “ “ “ 0.0721
30 “ “ “ “ 0.914
35 “ “ “ “ 0.628
40 “ “ “ “ 0.779
45 “ “ “ “ 0.739
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Appendix A Table 23. Primers used in this study

Primer Sequence (5’ > 3’) Description

1001 TTGCTTATTTGGGAG | Used to amplify tolC for nested PCR round 1
GAACAACA

1002 CATCTGCTTTTGCAG | Used to amplify tolC for nested PCR round 1
CGATGA

1003 GCTAGTCTAGAGCAT | Used for nested PCR round 2 to construct pJC101 and
CAGTTGAGTTTTCAC | pJC102; Xbal site underlined
TGGA

1004 GCTAGGGATCCAAG | Used for nested PCR round 2 to construct pJC101 and
CTTGCAACCTGGCTT | pJC102; BamHI site underlined
TC

1005 AAATGACGGTCCCAT | Used to amplify tolC to confirm successful mutant
CTCAAA construction

1006 CCCATGTAAAACTTC | Used to amplify tolC to confirm successful mutant
AATGCGT construction

1010 Used to amplify ragB/susD for nested PCR round 1
TGAGAACCAAAGGC
TGGGAA

1011 GGTACATTGTTTTCG | Used to amplify ragB/susD for nested PCR round 1
GCGCA

1012 GCTAGTCTAGATGG | Used for nested PCR round 2 to construct pJC103; Xbal
GGATTAACCAGCGA | site underlined
CAG

1013 GCTAGGGATCCTTCA | Used for nested PCR round 2 to construct pJC103;
CCTGCATCGGCAGTT | BamHI site underlined
C

1014 ATGCTCCCGCAAAAC | Used to amplify ragB/susD to confirm successful mutant
CAAGA construction

1015 ATCAGGACCAGTTGT | Used to amplify ragB/susD to confirm successful mutant
TGCCG construction
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Appendix A Table 24. PCR conditions for nested PCR round 1

Reagent Volume (pL)
Template (6.25 ng/ulL) 10
Forward/Reverse primers (10 uM) 2.5

10 mM dNTPs (Sigma-Aldrich, St. Louis, MO) | 1

Phusion DNA polymerase (New England 0.5

BioLabs, Ipswich, MA)

Phusion 5X buffer (HF buffer for to/lC and GC | 9.5
buffer for ragB/susD)

Nuclease-free water 24
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Appendix A Table 25. PCR conditions for nested PCR round 2

Reagent Volume (pL)
Template (1 ng/uL; PCR product from R1) 0.5
Forward/Reverse primers (10 uM) 2.5

10 mM dNTPs 1

Phusion DNA polymerase 0.5

Phusion 5X buffer (HF buffer for to/C and GC buffer for | 9.5
ragB/susD)

Nuclease-free water 335
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Appendix A Table 26. Reagents and reaction volumes for restriction enzyme digestion

Reagent Volume (pL)
Nested PCR R2 products or pYT354 (1 pg/uL) 1

10X cutsmart buffer (New England BiolLabs, Ipswich, 5

MA)

BamHI-HF (New England BiolLabs, Ipswich, MA) 1 (20 units)
Xbal (New England BiolLabs, Ipswich, MA) 1 (20 units)
Nuclease-free water 42
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Appendix A Table 27. Reagents and reaction volumes/mass for ligation reactions

Reagent Volume/Mass
Insert (~3.2 for tolC, ~3.1 kbp for ragB/susD) Varied?
Vector (~7.7 kbp) 50 ng

T4 DNA ligase (New England Biolabs, Ipswich, MA) 1ul

10 X T4 DNA ligase buffer (New England BiolLabs, 2L

Ipswich, MA)

Nuclease-free water Up to 20 uL

aTo achieve a 1:3 vector:insert molar ratio, 61.49 ng was used from to/C-containing PCR
products and 59.37 ng used from ragB/susD-containing PCR products.
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Appendix A Table 28. Summary of tolC loci in F. johnsoniae

Locus Protein ID Top blastp hit AA length
FJOH_RS06580 WP 012023347.1 TolC family protein 444
FJOH_RS07030 WP 012023433.1 “ 451
FJOH_RS08665 WP 012023747.1 “ 461
FJOH_RS14165 WP 012024794.1 “ 415
FJOH_RS15250 WP 012025000.1 “ 436
FJOH_RS15955 WP 008463753.1 “ 415
FJOH_RS16725 WP 012025212.1 “ 469
FJOH_RS16800 WP 012025225.1 “ 484
FJOH_RS17335 WP 044047818.1 “ 426
FJOH_RS20485 WP _012025935.1 “ 472
FJOH_RS22150 WP_044048008.1 “ 461
FJOH_RS22200 WP _012026267.1 “ 412
FJOH_RS22240 WP 012026275.1 “ 472
FJOH_RS23175 WP 012026451.1 “ 417
FJOH_RS25120 WP 012026826.1 “ 479
FJOH_RS25325 WP 012026867.1 “ 439
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https://www.ncbi.nlm.nih.gov/protein/500931675
https://www.ncbi.nlm.nih.gov/protein/500931761
https://www.ncbi.nlm.nih.gov/protein/500932344
https://www.ncbi.nlm.nih.gov/protein/500934504
https://www.ncbi.nlm.nih.gov/protein/500934941
https://www.ncbi.nlm.nih.gov/protein/495739174
https://www.ncbi.nlm.nih.gov/protein/500935430
https://www.ncbi.nlm.nih.gov/protein/500935456
https://www.ncbi.nlm.nih.gov/protein/763168165
https://www.ncbi.nlm.nih.gov/protein/500937156
https://www.ncbi.nlm.nih.gov/protein/763168355
https://www.ncbi.nlm.nih.gov/protein/500937495
https://www.ncbi.nlm.nih.gov/protein/500937503
https://www.ncbi.nlm.nih.gov/protein/500937836
https://www.ncbi.nlm.nih.gov/protein/500938673
https://www.ncbi.nlm.nih.gov/protein/500938764
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Appendix B Figure 1. Endpoint RT-PCR on vioC and rpoB genes.

A) When arrayed with Cv017 in the filter plate system, Cv026 had relatively higher yield of vioC
transcripts (replicates [Reps] 1 to 3), providing evidence that AHLs produced by Cv017
accumulated in the medium reservoir at concentrations required for Cv026 to upregulate its
violacein gene cluster. B) As a control, the constitutively expressed housekeeping gene rpoB

had comparable transcript levels across all conditions.
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Appendix B Figure 2. Assessment of mass spectrometer stability using the quality control (QC)

series.

Principal-component analysis axis 1 scores (from Figure 2.2) are plotted against analysis order

and colored by sample type (experimental or QC). QC samples were an even composite of all

236



Appendix B Figure 2 (cont’d)

experimental samples, run at regular intervals on the mass spectrometer to assess instrument
stability and feature consistency. QC samples do not vary along axis 1, despite the fact that they
are not analyzed consecutively, demonstrating that the instrument was stable over the analyses

that generated this data set (54).
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Appendix B Figure 3. Exometabolites exhibit directional changes over stationary phase in a

three-member synthetic microbial community.
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Appendix B Figure 3 (cont’d)

Shown is a heat map of 977 mass feature changes over time within a three-member
community, where samples are columns and features are rows (Z score range, -4.37 to 3.94).
All profiles are included as samples, including two mass spectral replicates from each of four
time point replicates. Each time series also included a medium control (NC). A quality control
sample (QC), an even composite of all experimental samples, was run at regular intervals on the
mass spectrometer to assess instrument stability and feature consistency. Euclidean distance
was calculated from Z-scored mass spectral profiles. Features with similar dynamics were
clustered using Ward’s method. Letter designations for clusters were added post hoc to aid in

discussion.
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Appendix B Figure 4. Identification and accumulation of bactobolin.

Chromatographic traces of bactobolin from MS (A) and MS-MS (B) analyses. C) Bactobolin
accumulation in the shared medium reservoir through time (n = 4 integrated peak areas per
time point). The bottom and top of the box are the first and third quartiles, respectively, and
the line inside the box is the median. The whiskers extend from their respective hinges to the
largest value (top), and smallest value (bottom) was no further away than 1.5x the interquartile

range.
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Appendix B Figure 5. Changes in live cell counts over stationary phase measured using flow

cytometry of Syto9-stained cells that were recovered from the filter plates.

Five wells per plate and two replicate plates per time point were used to assess cell counts in

the three-member community. A) P. syringae. B) C. violaceum. C) B. thailandensis.

241




r:l ,u'@pznﬁ.:;nm :JXJ ri Plot 4 506 Psyringee DC3000
= s %3
1 95380~ :’ 93
"i < /",*" E
E L ’ ,’ ‘. ‘
“ o ’ g
x ] ‘ K x 3
g'\i S 3 3
E % LE
3 “Live Gate 3
~ N 8% "ﬂ:
2.7 IR £ 2 " = _,
FLYH FLV-H
Qo =QH oo =QH

T Eweow oM

oo

L L ALl

Dead Gate
47.2% -

wt

RTINS

FL3-H
o

‘d A L AALlil

~" Live Gate
339%

2

L L R L R R R EE L S N

A

FLA-H

CoE =S5

Appendix B Figure 6. Fluorescence scatter plot of live/dead cells.

Flow cytometry gates for community members show how live and dead cell events are

captured predominantly on the FL1 channel and FL3 channel, respectively.
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Appendix B Figure 7. Counts of live (green) and dead (blue) cells throughout the time course.
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Appendix B Figure 7 (cont’d)

Cells were obtained from 5 wells in the transwell plate for 5 technical replicates/independent
replicate at each time point. Syto9 and propidium iodide-stained cells were counted using flow

cytometry.
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Appendix B Figure 8. Released and identified exometabolites and their temporal dynamics.
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Appendix B Figure 8 (cont’d)

A heat map of identified exometabolites in polar negative mode is shown, where samples are
columns and exometabolites are in rows. Each sample is the average of independent time point
replicates (n = 3 or 4). Euclidean distance was calculated from Z-scored mass spectral profiles
(containing peak areas). Prior to Z-scoring, features were normalized by an internal standard
(ITSD) reference feature and cube root transformed. Features were clustered by Ward'’s

method.
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Appendix B Figure 9. Released and identified exometabolites and their temporal dynamics.

A heat map of identified exometabolites in nonpolar positive mode is shown, where samples
are columns and exometabolites are in rows. Each sample is the average of independent time
point replicates (n = 2 to 4). Euclidean distance was calculated from Z-scored mass spectral
profiles (containing peak areas). Prior to Z-scoring, features were normalized by an internal
standard (ITSD) reference feature and cube root transformed. Features were clustered by

Ward’s method.
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Appendix B Figure 10. Released and identified exometabolites and their temporal dynamics.

A heat map of identified exometabolites in nonpolar negative mode is shown, where samples
are columns and exometabolites are in rows. Each sample is the average of independent time
point replicates (n = 2 to 4). Euclidean distance was calculated from Z-scored mass spectral
profiles (containing peak areas). Prior to Z-scoring, features were normalized by an internal
standard (ITSD) reference feature and cube root transformed. Features were clustered by

Ward’s method.
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Appendix B Figure 11. Differential gene expression patterns across community memberships.
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Appendix B Figure 11 (cont’d)

Venn diagram plots of differentially expressed genes in A) B. thailandensis B) C. violaceum and
C) P. syringae. Differential gene expression was determined using ImpulseDE2 comparing
longitudinal gene expression to a monoculture control (FDR-corrected cutoff of 0.01). Bt- B.

thailandensis, Cv- C.violaceum, and Ps — P. syringae.
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Appendix B Figure 12. Patterns of transcriptional regulation reveal biological responses to

coculture.
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Appendix B Figure 12 (cont’d)

Differentially expressed genes categorized by COG categories in A) B. thailandensis B) C.
violaceum and C) P. syringae. COG categories include: [C] Energy production and conversion,
[D] Cell cycle control, cell division, chromosome partitioning, [E] Amino acid transport and
metabolism, [F] Nucleotide transport and metabolism, [G] Carbohydrate transport and
metabolism, [H] Coenzyme transport and metabolism, [I] Lipid transport and metabolism,

[J] Translation, ribosomal structure and biogenesis, [K] Transcription, [L] Replication,
recombination and repair, [M] Cell wall/membrane/envelope biogenesis, [N] Cell motility,

[0] Post-translational modification, protein turnover, and chaperones, [P] Inorganic ion
transport and metabolism, [Q] Secondary metabolites biosynthesis, transport, and catabolism,
[S] Function unknown, [T] Signal transduction mechanisms, [U] Intracellular trafficking,
secretion, and vesicular transport, and [V] Defense mechanisms. Community arrangements are
as follows: B. thailandensis-P. syringae coculture (BtPs/PsBt), B. thailandensis-C. violcaeum
coculture (BtCv/CvBt), C. violcaeum-P. syringae coculture (CvPs/PsCv), and the 3-member

community (BtCvPs/CvPsBt/PsBtCv).
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Appendix B Figure 13. Changes in gene expression as determined by time, community

membership, and chromosome location for B. thailandensis.

Circos plot depicting gene expression pattern in B. thailandensis plotting the top differentially
expressed genes (see methods: Circos plots). Normalzied gene counts of filtered genes were
averaged across biological replicates, rlog-transformed and then Z-scored. Starting from the
innermost track: B. thailandensis gene expression in monoculture, B. thailandensis gene
expression in coculture with P. syringae, B. thailandensis gene expression in coculture with C.
violcaeum, B. thailandensis gene expression in the 3-member community, gene location, and

chromosome coordinates.
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Appendix B Figure 14. Changes in gene expression as determined by time, community

membership, and chromosome location for C. violaceum.

Circos plot depicting gene expression pattern in C. violaceum plotting the top differentially
expressed genes (see methods: Circos plots). Normalzied gene counts of filtered genes were
averaged across biological replicates, rlog-transformed and then Z-scored. Starting from the
innermost track: C. violaceum gene expression in monoculture, C. violaceum gene expression in

coculture with P. syringae, C. violaceum gene expression in coculture with B. thailandensis, C.
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Appendix B Figure 14 (cont’d)

violaceum gene expression in the 3-member community, gene location, and chromosome

coordinates.
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Appendix B Figure 15. Changes in gene expression as determined by time, community

membership, and chromosome location for P. syringae.

Circos plot depicting gene expression pattern in P. syringae plotting the top differentially

expressed genes (see methods: Circos plots). Normalzied gene counts of filtered genes were
averaged across biological replicates, rlog-transformed and then Z-scored. Starting from the
innermost track: P. syringae gene expression in monoculture, P. syringae gene expression in

coculture with C. violaceum, P. syringae gene expression in coculture with B. thailandensis, P.
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Appendix B Figure 15 (cont’d)

syringae gene expression in the 3-member community, gene location, and

chromosome/plasmid coordinates.
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Appendix B Figure 16. Exometabolites have membership-specific production and temporal

accumulation.

A heat map of coculture accumlated exometabolites is shown for polar positive (A), polar
negative (B), nonpolar positive (C), and nonpolar negative (D) modes, for C. violaceum
monoculture (Cv), P. syringae monoculture (Ps), B. thailandensis monoculture (Bt), C.

violaceum-P. syringae coculture (CvPs), B. thailandensis-P. syringae coculture (BtPs), B.

thailandensis-C. violaceum coculture (BtCv), and the 3-member community (BtCvPs), where

samples are in columns and exometabolites are in rows. Data for each sample are the averages

from independent time point replicates (n = 2 to 4).
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Appendix B Figure 17. B. thailandensis cell viability.
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Appendix B Figure 17 (cont’d)

Counts of live (green) and dead (blue) cells throughout the time course. Cells were obtained
from 5 wells in the transwell plate for 5 technical replicates/independent replicate at each time
point. B. thailandensis monoculture (Bt), B. thailandensis-P. syringae coculture (BtPs), B.

thailandensis-C. violaceum coculture (BtCv), and the 3-member community (BtCvPs).
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Appendix B Figure 18. C. violaceum cell viability.
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Appendix B Figure 18 (cont’d)

Counts of live (green) and dead (blue) cells throughout the time course. Cells were obtained
from 5 wells in the transwell plate for 5 technical replicates/independent replicate at each time
point. C. violaceum monoculture (Cv), C. violaceum-P. syringae coculture (CvPs), C. violaceum-B.

thailandensis coculture (CvBt), and the 3-member community (CvPsBt).
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Appendix B Figure 19. P. syringae cell viability.
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Appendix B Figure 19 (cont’d)

Counts of live (green) and dead (blue) cells throughout the time course. Cells were obtained
from 5 wells in the transwell plate for 5 technical replicates/independent replicate at each time
point. P. syringae monoculture (Ps), P. syringae-C. violaceum coculture (PsCv), P. syringae-B.

thailandensis coculture (PsBt), and the 3-member community (PsBtCv).

264



BiPs BICv | BICvPs |

.00 = = == = = == = m === e mm s m e o e m ot m o m e m S S e o e e o e e e oo o e S oo oo o oo -o—oo----o-
0.75-
0.50

Ejéig%ﬁﬁrﬁlﬁﬁ_l I_’—IFX_‘I_ITF‘TFITI—I—I e
S il ' B e R
bt - o ==t

R e

v + s
Efgg:‘—l—“—I—“_I_' °F + =103/ =% Bls T B |_I_|\_l_| T ]:

log2 fold change (relative to monoculture at each Tl
4o
oo
HH
H
H
'_
'_
H )—EI
|

|—auadia]

z-ouadia]

45 125 25 30 35 40 45 125 25 30 35 40 45
Time (h)

Appendix B Figure 20. BSGC downregulated or unaltered in B. thailandensis.
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Appendix B Figure 20 (cont’d)

Biosynthetic genes involved in each BSGC were determined with antiSMASH and evidence from
literature. At each timepoint, the average log2 fold-change (LFC) was determined across all
biosynthetic genes for each BSGC. The horizontal line represents a LFC threshold of 1. Note that

plots for each BSGC have separate scales for the Y-axis.

266



CvPs CvBt | CvPsBt |
A T i o L
T

T
s T 1 |_I_' 1 1L
“10- \_:[_‘

M ——— e e e o e e S """ 1-""""1°-""~"""t-T"T°hECTTTTPTTTEITTT
zz T L - - T — T [__| { T 1t T { C 1C ]
R e s e s s s e T T ——T ]
-05- 1 1L L L i L L 1
2-
1 N S WSROI NN RSSO PR S S SURDRUDN (S U SRR pupup— [ S O SO S SR S S
0- —F F ac T_—Eo 1 T T |'__-| T T
T T~ T —3 J. 1 T #’I_I_"_l—' 1 L

1= = =S =SS m S S o eSS S S oSS s S E S SSES:SS S ECESSESSSSmS oSS SoomoSosoosSoSSooooSoosoossssEsos—sooooooo

e et

2-SMdLL-SdUN  L-SMdLL1-SduN

I S S Hﬁrhﬁ—l (1 o) { ]
==
D ey chapebebes - Hagcbobebes
g T 1 T T 1
e O s Ay
: P ]
S SHES b 11 L1 1 1
o ‘*':I:"—l—'LJ*ll[_"ﬁl'—Jl__‘lll'—J‘—J
s S A S P S RS K A
g — = =
:?2:'—1—'DF'|__|I_1_IT =] . I i I I | o
I_I_F_lh1ﬁ1_4_ﬁ+[|uuLT_Hmnnu
- st el L T et
. C=—="" "+t =" [ =7 [ + =

Time (h)

Appendix B Figure 21. Patterns of transcriptional regulation for BSGC in C. violaceum.
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Appendix B Figure 21 (cont’d)

Biosynthetic genes involved in each BSGC were determined with antiSMASH and evidence from
literature. At each timepoint, the average log2 fold-change (LFC) was determined across all
biosynthetic genes for each BSGC. The horizontal line represents a LFC threshold of 1. Note that

plots for each BSGC have separate scales for the Y-axis.
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Appendix B Figure 22. Patterns of transcriptional regulation for BSGC in P. syringae.

Biosynthetic genes involved in each BSGC were determined with antiSMASH and evidence from
literature. At each timepoint, the average log2 fold-change (LFC) was determined across all
biosynthetic genes for each BSGC. The horizontal line represents a LFC threshold of 1. Note that

plots for each BSGC have separate scales for the Y-axis.
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Appendix B Figure 23. Identified exometabolites from B. thailandensis BSGC temporally

accumulate in cocultures.

Known bioactive secondary metabolites produced by B. thailandensis were identified in
mzMine2 through the observation of MS and MS/MS data. The accumulation of each

exometabolite was quantified through time (n = 2-4 integrated peak areas per time point). The
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Appendix B Figure 23 (cont’d)

bottom and top of the box are the first and third quartiles, respectively, and the line inside the
box is the median. The whiskers extend from their respective hinges to the largest value (top),

and smallest value (bottom) was no further away than 1.5x the interquartile range.
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Appendix B Figure 24. Flow diagram for interspecies co-expression network analysis.

An interspecies coexpression network was created based on transcript counts from B.
thailandensis-C. violaceum and B. thailandensis-P. syringae cocultures. All genes that passed
initial quality filtering were included in the analysis to generate networks. Unweighted gene
coexpression networks were generated with a Z-score cutoff of 4.5. Intraspecies genes were
used to identify network modules. Gene ontology enrichment analysis was performed on nodes

with interspecies edges.
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Appendix B Figure 25. B. thailandensis genes involved in malleilactone production are
detected as interspecies edges in the B. thailandensis-P. syringae coexpression network and

biosynthetic genes organize into network modules.

A network module containing the malleilactone BSGC is shown. The network module nodes are

color coded by B. thailandensis gene type (BSGC or not) and type of connections (interspecies
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Appendix B Figure 25 (cont’d)

or not): malleilactone biosynthetic genes that had interspecies edges (magenta), malleilactone
biosynthetic genes that did not have interspecies edges (orange), or other genes that were not
part of the BSGC (yellow); as well as genes that were from P. syringae (green). The
chromosomal organization of the malleilactone BSGC is shown below the network module. The
same colors are applied to the BSGC operons. Asterisks indicate core biosynthetic genes in the

BSGCs, as predicted from antiSMASH.
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Appendix B Figure 26. The DNA starvation/stationary phase protection gene, dpsA, in
downregulated in C. violaceum when cocultured with B. thailandensis while unaltered in B.

thailandensis.

Transcript abundance trajectories of dpsA are plotted for C. violaceum (A) and B. thailandensis
(B). Time course scatter plots were smooth curve fitted by loess. Community arrangements are
as follows: B. thailandensis monoculture (Bt), C. violaceum monoculture (Cv), C. violaceum-P.
syringae coculture (CvPs), B. thailandensis-P. syringae coculture (BtPs), B. thailandensis-C.

violaceum coculture (BtCv), and the 3-member community (BtCvPs).
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Appendix B Figure 27. The gene encoding a TonB-dependent siderophore receptor is
downregulated in P. syringae when cocultured with B. thailandensis while upregulated in B.

thailandensis.

Transcript abundance trajectories of tonB are plotted for P. syringae (A) and B. thailandensis
(B). Time course scatter plots were smooth curve fitted by loess. Community arrangements are
as follows: B. thailandensis monoculture (Bt), P. syringae monoculture (Ps), C. violaceum-P.
syringae coculture (CvPs), B. thailandensis-P. syringae coculture (BtPs), B. thailandensis-C.

violaceum coculture (BtCv), and the 3-member community (BtCvPs).
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Appendix B Figure 28. Genes have non-additive upregulation in the 3-member community.

Quantity of genes with non-additive upregulation in the 3-member community for B.
thailandensis (A), C. violaceum (B), and P. syringae (C) across the time series. The middle
column displays a venn diagram representing overlaps and differences between non-additive

upregulated genes between stationary phase timepoints. The last column displays a venn
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Appendix B Figure 28 (cont’d)

diagram representing overlaps and differences between non-additive upregulated genes

between the exponential phase timepoint (EP) and the stationary phase time points (SP).
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Appendix B Figure 29. Z-score distrubutions of exometabolite fold changes comparing the
abundances from the 3-member community to the additive summation across all pairwise

cocultures.

The mean fold change at each time point are as follows: 0.59 (12.5 h), 0.59 (25 h), 0.64 (30 h),
0.70 (35 h), 0.54 (40 h), and 0.64 (45 h). Vertical ablines correspond to Z-scored fold changes for

thailandamide (cyan), pyochelin (green), and capistruin (red) at each time point.
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Appendix B Figure 30. Exometabolites accumulate in a non-additive manner.

Exometabolomics features were determined to have non-additive accumulation if the quantity
in the 3-member community had a log2 fold-change greater than 1 compared to the
summation of exometabolite accumulation in each pairwise coculture. Exometabolites with
non-additive accumulation are highlighted in yellow. Samples are in columns and
exometabolites are in rows. Data for each sample are the averages from independent time
point replicates (n = 2 to 4). Euclidean distance was calculated from Z-scored mass spectral
profiles (containing peak areas). Prior to Z-scoring, features were normalized by an ITSD

reference feature and cube root transformed. Features were clustered by Ward’s method.
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Appendix B Figure 31. Pyochelin accumulates in a non-additive manner.

The accumulation of pyochelin was quantified through time (n = 3-4 integrated peak areas per
time point). The bottom and top of the box are the first and third quartiles, respectively, and

the line inside the box is the median. The whiskers extend from their respective hinges to the
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Appendix B Figure 31 (cont’d)

largest value (top), and smallest value (bottom) was no further away than 1.5x the interquartile

range. Colors correspond to the community membership for the B. thailandensis-P. syringae

coculture (yellow, BtPs), the B. thailandensis-C. violaceum coculture (magenta, BtCv), the
“expected” exometabolite abundance in the 3-member community obtained from additive
peak areas from the B. thailandensis-P. syringae and B. thailandensis-C. violaceum cocultures

(orange, BtCv+BtPs), and the 3-member community (black, BtCvPs).
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Appendix B Figure 32. Capistruin does not accumulate in a non-additive manner.

The accumulation of pyochelin was quantified through time (n = 4 integrated peak areas per
time point). The bottom and top of the box are the first and third quartiles, respectively, and
the line inside the box is the median. The whiskers extend from their respective hinges to the

largest value (top), and smallest value (bottom) was no further away than 1.5x the interquartile
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Appendix B Figure 32 (cont’d)

range. Colors correspond to the community membership for the B. thailandensis-P. syringae
coculture (yellow, BtPs), the B. thailandensis-C. violaceum coculture (magenta, BtCv), the
“expected” exometabolite abundance in the 3-member community obtained from additive
peak areas from the B. thailandensis-P. syringae and B. thailandensis-C. violaceum cocultures

(orange, BtCv+BtPs), and the 3-member community (black, BtCvPs).
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Appendix B Figure 33. A B. thailandensis btaK::T23 mutant unable to produce bactobolin still

inhibits F. johnsoniae.

B. thailandensis WT (top) and B. thailandensis btaK::T23 (bottom) was co-plated with F.
johnsoniae WT. Strains were also plated outside the interspecies interaction zone as growth

controls.
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Appendix B Figure 34. Schematic of (co)evolution experiment.
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Passage B. thailandensis F. johnsoniae

Appendix B Figure 35. Colony morphologies and growth success over the (co)evolution

experiment.
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Appendix B Figure 35 (cont’d)

Plate images were taken at 1.5 months after each plate passage. Shown are colony
morphologies and growth success of B. thailandensis monoculture (column 1), co-plated B.
thailandensis-F. johnsoniae (column 2), and F. johnsoniae monoculture (column 3) for a

representative independent replicate (rep 3). Each row is plate passage.
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Appendix B Figure 36. Coevolved F. johnsoniae has gained resistance to a B. thailandensis-

produced antibiotic.
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Appendix B Figure 36 (cont’d)

Coevolved F. johnsoniae can grow better in the presence of B. thailandensis (column 1, top row)
compared to the monoculture evolved F. johnsoniae (column 1, middle row). Monocultures are
shown as a comparison of growth success when co-plated. Shown are evolved lines from one of
the independent replicates (rep 3) from the fifth plate passage. Images were taken after

incubation for 1.5 months.
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F. johnsoniae monoculture evolved with F. johnsoniae coevolved with
B. thailandensis ancestor B. thailandensis ancestor

Physical separation
maintained

Colony
invasion

Appendix B Figure 37. Coevolved F. johnsoniae can resist colony invasion.

On each plate, F. johnsoniae is on the left and B. thailandensis (right) is on the right. The B.
thailandensis ancestor was co-plated with F. johnsoniae evolved monoculture (left plate) and F.
johnsoniae coevolved (right plate) from the fifth plate passage. Plates were incubated for 2.5

months to allow the chance for physical interactions to occur.
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Coevolved

Appendix B Figure 38. Coevolved lines acquire unique mutations as a result of interspecies

interactions.

Shown is a Venn diagram comparing distinctions and overlaps of gene loci where mutations

were observed in the ancestor, monoculture evolved lines, and coculture evolved lines.
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Appendix B Figure 39. A nonsynonymous mutation in TolC narrows the opening of the efflux

channel.

with the G83R nonsynonymous mutation. TolC is rotated +90 about the x-

)

A model of TolC (A

axis in panels C-D such TolC is viewed from top looking down the channel. The
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Appendix B Figure 39 (cont’d)

G83R residue (B) is located on one of the extracellular loops of TolC. The opening of the efflux

channel in WT TolC (C) is predicted to narrow due to G83R (D).
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Ancestor

Appendix B Figure 40. F. johnsoniae recombinants display antibiotic resistance, but not to the

extent observed in coevolved lines.
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Appendix B Figure 40 (cont’d)

The 33 bp deletion in FJIOH_RS06580 was placed into the F. johnsoniae ancestor and co-plated
with B. thailandensis. Two confirmed successful recombinants (JCACO1 Reps 1&2) have more
growth success than the ancestor but not the coevolved line from which FIOH_RS06580 was
amplified to create the recombinants. All strains were co-plated with the B. thailandensis

ancestor. Plates were imaged after a month of incubation.
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