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Abstract

Microorganisms exist in dynamic networks that catalyze reactions and respond to stimuli.
They organize into populations that make up the microbial communities we know to drive large-
scale biogeochemical cycles that can determine the fate of all organisms in an ecosystem. For
something so minute, their impact is extensive. What culminates in global-scale processes starts
with the small interactions microorganisms have with their environment, and importantly, each
other.

Microbial communities are dynamic systems; one of the most intricate traits of a
microbial community is the interactions taking place among its members. Consider a microbial
community a small neighborhood, where interactions define the network and structure of a
community. Many of these interactions are mediated by secondary metabolites as these are the
molecules microorganisms use to communicate and compete. Because of these bioactive roles,
microbial secondary metabolites represent promising antimicrobial drug targets, and their
structures make up a large proportion of our current antibiotics on the market. The diversity of
secondary metabolites in the microbial world is promising, as the increase in antimicrobial
resistance among pathogens has intensified the need for new drugs and strategies.

With advances in high throughput sequencing and metabolomic methods, research efforts
continue to characterize the untapped biosynthetic potential of microbial communities as they
interact with each other and the environment. Considering the network in which communities
assemble and interact, this dissertation sought to leverage the ecology behind the production of
secondary metabolites in an effort to cultivate antimicrobial producers. Since microbes exist in
structured environments, we aimed to characterize the effect of habitat structure on the

production of secondary metabolites. We hypothesized that manipulating the habitat during

XXii



cultivation may select for more competitive interactions as organisms compete for space and
nutrients, potentially producing secondary metabolites as a means to be successful.

This dissertation showed that manipulating the interaction landscape of a microbial
community can alter the microbial community assembly patterns and the chemodiverisity in
structured habitats. These studies add to continuing efforts to (1) characterize the drivers of
microbial community assembly, (2) associated changes in microbial diversity with chemical
diversity, and (3) determine cultivation methods that select for diverse microbial assemblages
and that elicit a secondary metabolic response for both natural product discovery and chemical

ecology.
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Chapter 1: Habitat Structure, Secondary Metabolisms, and Natural Product Discovery in

Cultivated Microbiomes

Overview

The ecological dynamics that govern microbial communities are still being uncovered.
Much of what is known to be true of how communities assemble and how its members interact is
similar to macroecology. However, dynamics can change with scale, and microbial communities
offer a unique challenge in adapting macroecological theory at the microscopic scale. Within and
between populations, habitat structure and physical space can dictate potential interactions, and
often, those interactions are mediated by chemistry (e.g., secondary metabolites). Many of these
interactions are competitive, for resources and/or space, where microorganisms are producing
antimicrobial compounds to warn or even gain an advantage (Foster & Bell, 2012; Hibbing et al.,
2010). These dynamics are all taking place on what I am calling the interaction landscape. The
interaction landscape is the physical space in which microorganisms are communicating and
competing, where the chemical gradients in the environment are affecting the microorganisms,
and where the production of antimicrobial metabolites have the greatest effect. Manipulating the
interaction landscape during cultivation may select for more competitive interactions and
potentially the production of secondary metabolites as a population goes through community

assembly.

Drivers of Community Assembly in Structured Habitats
Microbial communities are dynamic systems comprised of constantly interacting populations.

Microbial ecologists have long sought to characterize and the define the rules that govern the



spatiotemporal landscape in which populations are distributed. The interplay among ecological
forces like selection, diversification, drift, and dispersal acting on a given community are
difficult to disentangle, thus making their effects difficult to predict. However, selection plays a
crucial role in microbial communities as it pertains to interactions among its members. Selection
encompasses powerful abiotic forces, like the environment, and biotic forces, like competition.
One highly selective force is the anatomy of a habitat. We refer to habitat as the physical space a
population inhabits, the gradients that exist or are constructed, and the interactions among the

community.

Complex interplay between abiotic and biotic factors influences habitat structure. Structure
can be influenced abiotically from the formation of microscale gradients in nutrients or
chemicals like oxygen or light, as well, as, physical barriers, like surfaces. Structure will also
have a biotic component, through the metabolic activity of microorganisms themselves via
nutrient degradation and the production of metabolites involved in signaling or competition that
can establish these microscale gradients (McNally & Brown, 2015). Overall, gradients can result
in barriers. These barriers imposed by the habitat are dynamic too, in that they will both
influence the structure of a microbial community and its spatiotemporal dynamics. But barriers
are also subject to alteration by microorganisms themselves. For example, some organisms can
alter the pH to drive out competitors, thus altering the chemical structure of the environment and
changing selective pressures on other community members (Ratzke & Gore, 2018). Another
example would be organisms that create physical structure through biofilm formation, but over
time become susceptible to cheaters or non-biofilm producing populations, resulting in the

collapse of the biofilm and changes in the distribution and abundance of community members



(Rainey & Rainey, 2003). Structured habitats can foster diverse community members by
providing ecological opportunity. Over time, a structured habitat can lead to co-existence and
cooperation (Geyrhofer & Brenner, 2020; Wakano et al., 2009) as populations occupy niches and
may no longer compete for space or nutrients. But disturbances or changes in the structure of a
habitat can select for competition, and potential competitive exclusion (Tilman, 1999), as
populations seek to reassemble. Overall, structured environments can support diverse, complex

microbial communities by providing biological and chemical heterogeneity.

Microbial Interactions

Perhaps one of the most complex traits of a community are the interactions taking place
among its members. These interactions generate a network among community members; and are
often mediated by secondary metabolites. These interactions can be positive or negative, and
they can oscillate between cooperation and competition (Coyte et al., 2015; Oliveira et al., 2014;
Jousset et al., 2013; Foster & Bell, 2012). Interactions within a microbial community will depend
on deterministic factors like the environment where drivers of microbial interactions are
resource-based, and members of populations and communities compete for nutrients and space
(Traxler & Kolter, 2015; Slattery et al., 2001). Interactions within a microbial community will
also depend on the richness and abundance distribution of the community members (Otto-
Hanson & Kinkel, 2020; Chao & Levin, 1981). The results of microbial interactions can be
chemical products (e.g., antimicrobial compounds or signaling molecules) and they can elicit
changes (e.g., changes in diversity), though these will be heavily linked. For example, the
production of a certain compound can be detrimental to one population resulting in a decline,

altering the abundance distribution of the community, and triggering other populations to



produce certain compounds in reaction, such is the case for organisms that would rely on
quorum-sensing regulated antimicrobial production, like Pseudomonas spp. (Brint & Ohman,
1995; Pierson et al., 1994), Streptomyces spp. (Corre et al., 2008), or Bacillus sp. (Stein et al.,
2002). The products of microbial interactions will alter the chemical ecology of the interaction
landscape, which would then alter the community structure, and this may be cyclic and continue
as a community seeks to reach dynamic equilibrium and stability. In other words, dynamics of an
interaction landscape may resemble cyclic, feedback mechanisms more so than end-point
transactions. Lastly, the chemical products of microbial interaction have utility not just for
microbial community dynamics in nature, but the function of these compounds can be applied to
therapeutics (Newman & Cragg, 2016; Dias et al., 2012). For example, actinobacteria produce
antimicrobial compounds as signaling molecules for their developmental life cycle and to ward
off competitors (van der Mejj et al., 2017); these same molecules are used as antimicrobial drugs,
like erythromycin (Chng et al., 2008; McGuire et al., 1952), and scaffolds for synthetic analogs,

like clarithromycin (Alvarez-Elcoro & Enzler, 1999).

Using Ecology to Find New Natural Products

Growing antibiotic resistance in pathogenic bacteria is surpassing the rate of drug
discovery, intensifying the need for new drug therapies (Blaskovich, 2018) . Most natural
products used as drugs are a result of microbial secondary metabolisms, often providing a
competitive advantage for the producer (Traxler & Kolter, 2015). However, most
microorganisms remain to be cultivated, representing an untapped resource of biosynthetic
potential and drug discovery (Lloyd et al., 2018). Recent studies have begun to molecularly

describe the genetic capability for uncharacterized drug pathways in many systems like the



mammalian gut (Donia et al., 2014) and soil (Crits-Christoph et al., 2018). However, these
biosynthetic pathways are not expressed and/or the producing organism has not been isolated in
culture. There are multiple strategies to approach this problem. Some efforts use the “one strain,
many compounds” (OSMAC) approach that alters cultivation medium or conditions (e.g., pH or
temperature), and uses co-cultivation with other strains to activate different silent gene clusters
(Pan et al., 2019). Once these clusters are identified, some efforts focus on heterologous
expression of biosynthetic pathways (Kang & Kim, 2021; Hao et al., 2019; Ongley et al., 2013;
Wenzel et al., 2005). However, molecular efforts often rely on isolated strains, which rely on
efforts to cultivate as many organisms as possible and screen each (Motley et al., 2017). In these
cases, cultivation strategies that maximize the cultivable diversity from various systems will
increase the number of organisms isolated and screened for the production of antimicrobial
compounds. However, each approach has issues, whether that be the challenge of cloning large
biosynthetic gene clusters and activating them, or only being able to cultivate the same
organisms repeatedly. Focusing on cultivation strategies that both uncover previously
uncultivated microorganisms and that elicit a native secondary metabolic response resulting in

natural product production represent a promising avenue to explore for new drugs.

Since many compounds of natural product interest mediate microbial interactions,
understanding the purpose behind the production of a compound may inform strategies to elicit
that response. Specifically, using ecological theory to characterize the pressures that drive the
distribution and expression of these secondary metabolites may provide a basis for isolating new
drug targets in the future. Since these drug targets are often produced in response to microbial

interactions (Traxler et al., 2013; Yim et al., 2007; Long & Azam, 2001), one area of focus for



discovery is bacterial interactions in diverse communities, specifically competitive interactions
in which the production of antimicrobial compounds would offer an advantage to the producer.
Here, we sought to use cultivation strategies that would force organisms to interact and select for
the production of secondary metabolites. By allowing communities to assemble during
cultivation, forcing them to interact, and allowing for chemical gradients to form in a structured
habitat, we aimed to select for compounds that gave organisms an advantage by providing a
cultivation condition in which expression of secondary metabolite pathways would be useful,
like structured habitats with populations in close proximity and a diversity of ecological niches.
During cultivation, both the initial environment (i.e., medium and cultivation conditions) and the
colonizing community (i.e., inoculum) will affect what populations can grow, how those
populations interact within and between populations, and how they then alter the interaction
landscape. These conditions provide an opportunity to characterize the community-level,

secondary metabolic response to changes in habitat structure, like disturbance.

Using New Tools to Answer Old Questions

The work presented in this dissertation sought to leverage competitive ecological
interactions to enrich for antimicrobial compound producing organisms. Competitive interactions
can be driven by the spatial structure of the habitat and the organisms present (Garcia-Bayona &
Comstock, 2018; Kraemer et al., 2017; Hibbing et al., 2010; Yim et al., 2007; Czaran &
Hoekstra, 2003). We hypothesized that manipulating the interaction landscape will select for
competitive interactions and potentially the production of secondary metabolites. Focusing on
community diversity, habitat structure, and the metabolome provided the framework to ask the

following research questions:



1. Can we maximize cultivable diversity through targeted cultivation strategies?
2. Does habitat structure influence cultivable diversity and metabolite production?
3. How does the microbial community structure change over time in response to disturbance

in a structured habitat?

The first question is addressed in chapter two and describes the cultivable diversity of
several inocula using different media types and treatments and quantifies a proportion of the
cultivable diversity that produces antimicrobial compounds. This study sought to address the
problems with natural product re-discovery by cultivating from a little-explored, but bioactive
reservoir—roadkill. High throughput sequencing of cultivated communities revealed that much
of what was cultivable was not detected in sequencing, highlighting the importance of cultivation
in describing total diversity and confirming that using multiple cultivation strategies on a single

inoculum will increase the number of organisms to be screened for natural product discovery.

The third and fourth chapters focused on habitat structure and disturbance by revisiting
two, well-known experiments, but instead of using clonal populations, the studies presented here
focused on diverse, mixed communities from a wastewater treatment facility. Using a complex
inoculum, rather than a clonal population, allowed us to test the effect of habitat structure and
disturbance on a whole community and to characterize the chemical response. Specifically, the
second question is addressed in the third chapter by revisiting an experiment that showed static
cultivation selected for phenotypic diversification in Pseudomonas fluorescens compared to a

constantly mixed cultivation condition (Rainey & Travisano, 1998). This experiment used a



clonal population to demonstrate that a structured habitat selected for different colony
morphologies (diversity) as populations partitioned along a gradient, particularly an oxygen
gradient (Rainey & Travisano, 1998). In our study, we applied the same selective pressure to a
mixed wastewater community. We hypothesized that structed habitats would select for higher
diversity of the microbial community and the metabolome as members are forced to interact as

they partition along a gradient.

The third question is addressed in the fourth chapter by revisiting an experiment that
showed habitat structure and population size determined if a colicin-producing Escherichia coli
could outcompete the sensitive E. coli strain (Chao & Levin, 1981). Here, we repeated the
structured portion of that experiment by immobilizing mixed wastewater communities in soft
agar overlays during cultivation and propagating the community over ten transfers to determine
which organisms were most successful at reassembly after disturbance and used metabolomics to

uncover a potential mechanism.

This dissertation sought to address the knowledge gap associated with effects of habitat
structure on the selection and cultivability of natural product-producing organisms and the
interaction-mediated production of antimicrobial compounds. Using cultivated mesocosms and
altering the structure of the habitat, we were able to manipulate the interaction landscape of a
microbial community and change the microbial and chemical diversity of microbial
communities. We were able to use ecological theory to determine cultivation methods that elicit
a secondary metabolic response with the goal of identifying ways to select for natural-product

producers. Further, this dissertation adds to larger efforts to (1) characterize the drivers of



microbial community assembly, (2) correlate changes in microbial and chemical diversity, and
(3) determine cultivation methods that produce diverse enrichments and that stimulate a

secondary metabolic response for chemical and microbial ecology.
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Abstract

Molecular techniques continue to reveal a growing disparity between the immense
diversity of microbial life and the small proportion that is in pure culture. The disparity,
originally dubbed “the great plate count anomaly” by Staley and Konopka, has become even
more vexing given our increased understanding of the importance of microbiomes to a host and
the role of microorganisms in the vital biogeochemical functions of our biosphere. Searching for
novel antimicrobial drugs often focuses on screening a broad diversity of microorganisms. If
diverse microorganisms are to be screened, they need to be cultivated. Recent innovative
research has used molecular techniques to assess the efficacy of cultivation efforts, providing
invaluable feedback to cultivation strategies for isolating targeted and/or novel microorganisms.
Here, we aimed to determine the efficiency of cultivating representative microorganisms from a
non-human, mammalian microbiome, identify those microorganisms, and determine the
bioactivity of isolates. Sequence-based data indicated that around 57% of the ASVs detected in
the original inoculum were cultivated in our experiments, but nearly 53% of the total ASVs that
were present in our cultivation experiments were not detected in the original inoculum. In light
of our controls, our data suggests that when molecular tools were used to characterize our
cultivation efforts they provided a more complete and more complex, understanding of which
organisms were present compared to what was eventually detected during cultivation. Lastly,
about 3% of the isolates collected from our cultivation experiments showed inhibitory bioactivity
against an already multidrug-resistant pathogen panel, further highlighting the importance of

informing and directing future cultivation efforts with molecular tools.
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Introduction

Molecular techniques and sequencing technologies have helped to describe many
microbial communities and provide tools that allow us to study representative microorganisms
and their activities in lieu of isolation. Application of molecular approaches to the study of
microbiology have led to the discovery and characterization of rare biospheres of the most
extreme environments (Sogin et al., 2006) and enabled researchers to decipher the metabolic
potential and activity of microorganisms from the human gut (Donia et al., 2014) to the bottom
of the ocean (Tortorella et al., 2018). Now, changes in microbial community structure and
function can be monitored with molecular techniques throughout the course of a disease
(Halfvarson et al., 2017) or with changing environmental conditions (Arora-Williams et al.,
2018), such that we may begin to predict the roles of microbial populations and outcomes over

time (Singh et al., 2010; Gilbert et al., 2016).

Isolating, or even just cultivating representative microorganisms is still considered the
best means towards understanding their physiology, metabolism, and potential ecological roles,
but this remains to be a major hurdle. The degree to which any microbial community is
represented in culture varies considerably. Since Staley and Konopka coined the term “great
plate count anomaly” (Staley and Konopka, 1985), numerous studies have sought to quantify the
culturable organisms from various biomes (see (Lloyd et al., 2018) for a compiled list of most
probable number (MPN) based approaches). A recent study estimated that 81% of all microbial
cells on Earth belong to uncultured genera or higher classifications and about 25% of microbial
cells are from uncultured phyla (Lloyd et al., 2018). Specifically, 26% of marine, 31% of host-

associated, 31% of eutrophic lakes, and 30% of soil metagenomic sequences have cultured
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representatives at the family level (Lloyd et al., 2018). Not surprisingly, human associated
microbiomes have more cultured representatives, likely affected by a focused effort (Eloe-
Fadrosh et al., 2016). Sequencing technology has shed light onto the previously unknown
diversity of the microbial world, outpacing our ability to cultivate these organisms by an

estimated rate of 2.4- and 2.5-fold for bacteria and archaea, respectively (Schloss et al., 2016).

Efforts to isolate yet uncultured microorganisms have gathered momentum as researchers
have begun to apply new technologies and innovations (Connon and Giovannoni, 2002;
Stevenson et al., 2004; Nichols et al., 2010). Microbiologists routinely manipulate the
composition of growth media and treatments of the inocula in order to increase the diversity of
microorganisms represented in culture (e.g., (Reasoner and Geldreich, 1985; Connon and
Giovannoni, 2002; Davis et al., 2005; Kopke et al., 2005; Laiger et al. 2012; Oberhart et al.,
2015; Henson et al., 2016; Kawasaki and Kamagata, 2017; Kim et al., 2019; Bartelme et al.,
2020)). As an example, treating an inoculum with ethanol can select for spore-forming bacteria
by killing vegetative cells and leaving spores intact that may otherwise be overgrown and remain
unisolated (Browne et al., 2016). Furthermore, antioxidants in media can support the cultivation
of aerobic and even anaerobic organisms, by alleviating oxidative stress (La Scola et al., 2014;
Dione et al., 2016). The goals of this study were to 1) determine the efficiency of cultivating
representative microorganisms from a non-human, mammalian microbiome, 2) identify
cultivated microorganisms through comprehensive, whole community sequencing, and 3) screen
representative isolates for antimicrobial activity. With one aim of this study being to cultivate
many, different microorganisms, the approaches described above were of particular interest. We

anticipated that we would select for gut-associated bacteria; antioxidants would help mitigate
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oxygen stress for organisms best suited for microoxic or anoxic environments, and ethanol
treatment would reduce the abundant vegetative cells, allowing us to better access the many

spore-forming taxa that reside in the gut.

When cultivation approaches are coupled with molecular analyses, the total diversity and
identity of cultivated taxa can be determined (Justice et al., 2017; Yang et al., 2015; Medina et
al., 2017), and specific, targeted taxa can be detected (Stevenson et al., 2004). More recently,
high throughput sequencing has made it possible to quantify exactly what proportion of an
original sample has been cultivated (Medina et al., 2017; Zehavi et al., 2018; Cummings et al.,
2020). Studies using this approach showed that roughly 23% of microorganisms in bovine rumen
fluid were cultivable in liquid enrichments, some of which were not detected in direct
sequencing efforts (Zehavia et al., 2018), while 96% of those in human bronchoalveolar lavage
samples (Cumming et al., 2020), and 60% of those detected in/on American toads (Medina et al.,
2017) were cultivated. A recent study characterized the microbial diversity within the same
inoculum spread onto both high- and low-nutrient media by harvesting biomass on each plate
and identifying all taxa present (Medina et al., 2017). Their approach built upon a previous study
that sought to isolate abundant but yet-uncultured taxa using defined, low nutrient media and a
PCR-based screening approach using group specific primers, termed plate-wash PCR (PWPCR)
(Stevenson et al., 2004). Medina et al. confirmed that low nutrient-media would allow for the
growth of a more diverse subset of bacteria from the original sample and that molecular
screening (i.e., 16S PWPCR) is a practical way to characterize the microbial community growing
on an entire agar plate (Medina et al., 2017). This data is invaluable in identifying medium

composition, inoculum treatments, and incubation conditions that can target certain taxa, or
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maximize the cultivated diversity for large-scale isolation efforts (see Henson et al., 2016;
Bartelme et al., 2020). However, these studies using solid agar plates may have overestimated

diversity for some taxa by focusing on the relative abundance of taxa in their analyses.

Pure cultures have always been the “gold standard” for the in-depth study of
microorganisms. The need for isolation is especially important when screening for the
production of secondary metabolites for drug discovery. Historically, the process of isolating
microorganisms for drug discovery has relied mainly on high throughput cultivation efforts that
increase the number of isolates being screened (e.g., (Motley et al., 2017; Helfrich et al., 2018;
Hoffmann et al., 2018)), enrich for bioactive production from known producers like
Streptomycetes spp. (van der Meij et al., 2017), or focus on novel or rare taxa thought to have
uncharacterized biosynthetic capabilities (Stierle et al., 2006; Ding et al., 2010; Rangseekaew
and Pathom-aree, 2019). We aimed to do the same by sampling a host-associated microbial
community and cultivating them under conditions designed to obtain as many different
organisms as possible through the use of different media types. Screening cultivated
microorganisms with the broadest diversity is expected to provide the greatest chance of
uncovering natural products that are novel drug targets. Previous studies have focused on
extreme environments for novel natural products (Smanski et al., 2015), but we expand on this
idea to include non-human mammals. We predicted that this would increase the diversity of
microorganisms and compounds screened for useful antimicrobial compounds and argue that the
shared life-history between a host and members of its microbiomes may produce compounds that

are less cytotoxic to the host. This idea was originally supported by a survey of microbiomes
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collected from roadkill mammals, which produced two new cyclic lipodepsipeptides of

pharmaceutical interest (Motley et al., 2017).

Here, we sought to use both general and selective media along with various treatments to
the inocula to collectively enrich for as many different microorganisms as possible from the oral
and gut microbiomes of a roadkill mammal (racoon). The goals for this study were to (1)
compare the diversity of cultured bacterial communities on multiple types of media combined
with various treatments of the inoculum, (2) determine which media, treatments, or combination
cultivated the highest richness of bacterial taxa, and (3) determine how many isolates produced

bioactive molecules against a panel of multi-drug resistant pathogenic microorganisms.
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Materials and Methods
Sample Collection and Storage

A 3 mile stretch of Oklahoma State Highway 9 in Norman, OK between the University of
Oklahoma, Norman campus and Lake Thunderbird was used for our opportunistic sampling area
(around 35.1879, -97.3005). This well-traveled highway runs through undeveloped prairie, scrub
and forest, cattle ranches, and rural residential land, providing many mammalian roadkill
specimens. Sample collection was conducted under Oklahoma Scientific Collector Permit #5250
(Motley et al., 2017). The oral cavity and rectum of a racoon (Procyon lotor) deceased less than
8 h was sampled in triplicate (n=3) with sterile, nylon swabs. One concern was that swabbing for
sequencing first would remove or alter the biomass when the cultivation swab samples were
taken. To avoid this, each orifice was swabbed three times. At each of those times, two swabs
were used, one destined for cultivation the other destined for sequencing. In doing so, any
alteration of the biomass would be reflected in each set of triplicate swabs, for sequencing and
for cultivation. This generated a total of 6 swabs from each orifice, 3 for sequencing and 3 for
cultivation. Swabs to be used for cultivation were pooled by orifice and stored in a sterile conical
tube containing 3.0 mL 1X PBS, stored on ice, and immediately transferred back to the
laboratory (under 45 minutes). Swabs to be used for sequencing were transferred to separate,
empty, sterile conical tubes to preserve the technical replicate, stored on ice, and immediately
transferred back to the laboratory (under 45 minutes). At the laboratory, swabs for sequencing
were transferred to BashingBead Lysis Tubes (Zymo Research Corp., Irvine, CA) containing 750
uL of BashingBead Buffer (Zymo Research Corp.). Cells were lysed through homogenization in
a Mini-BeadBeater-8 (BioSpec Products Inc., Bartlesville, OK) at maximum speed for 45

seconds. Homogenized samples were then stored at -20°C until needed for DNA extraction.
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Swabs for cultivation were vortexed to suspend cells. A 900 pL aliquot of the cell suspension
intended for storage was centrifuged at 10,000 x g for 1 min, the supernatant was removed. The
cell pellet was resuspended in 750 uL of BashingBead Buffer (Zymo Research Corp.) and
transferred to BashingBead Lysis Tubes (Zymo Research Corp., Irvine, CA) prior to lysis
through homogenization in a Mini-BeadBeater-8 (BioSpec Products Inc., Bartlesville, OK) at
maximum speed for 45 seconds. Archives were stored at -80°C. The remaining 2.1 mL of the cell
suspension for each sample was serially diluted with PBS. Aliquots of 50 pL from the 10°-10¢
dilutions were spread onto 13 different media/treatment combinations (see Table S1). In all, each
inoculum was spread onto the agar media, n=6, for each medium type and incubated for 6 days at
30°C, three plates would be used for PWPCR and three plates would be used to pick colonies for
isolation. As a control, 50 pL of PBS used for sample collecting and dilutions was spread onto

each medium type and incubated for 6 days at 30°C.

Culture-Dependent Bacterial Community Analysis

Cultivation was conducted with a combination of broad-spectrum media with decreased
nutrients and selective media in order to “cast a wide net” and maximize the cultivable diversity
of each inoculum (see quasi-factorial design in Table S1). The media used included 0.1X
strength tryptic soy broth (Bacto, USA) with 1.5% agar, ROXY and derivatives with hemin (0.1
g/L) and alpha-ketoglutarate (2.0 g/L)(referred to as ROXYakgh) (Dione et al., 2016), 0.25X
strength R2A medium (Reasoner and Geldreich, 1985), and blood agar (per L: 10.0 g meat
extract, 10.0 g peptone, 5.0 g sodium chloride, 15 g agar, 5% sheep’s blood (ThermoFisher,
USA), pH 7). To date, this is the first instance using ROXY medium and plate-wash PCR

techniques. In addition to different media types, one variation included the pretreatment of the
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inocula for 4 hours in 70% ethanol at 22-24°C (Browne et al., 2016). Catalase (40,000 U/L) was
added as a treatment to TSA, ROXY and R2A to remove peroxides produced during autoclaving
(Kawasaki and Kamagata, 2017; Kim et al., 2019). The last treatment included the addition of
streptomycin at 50 mg/L as a broad-spectrum selection agent against Gram-negative and some
Gram-positive species (Schatz et al., 1944). To test which combinations of media and treatments
resulted in cultivated communities that represented the diversity observed in the original sample,
we grew each inoculum (mouth or rectum) on each combination of media/treatment types and

sequenced the resulting biomass.

Collection of Total Biomass from Agar Plates

Biomass was harvested from each agar plate in order to identify the microorganisms
present and to compare this to culture-independent analyses of the inoculum. The biomass from
each agar plate was harvested by adding 2.0 mL of PBS to the surface of the plate and
suspending the colony biomass by agitation with a sterile spreader. The suspended colony
biomass was collected and transferred to a 2.0 mL microcentrifuge tube, pelleted at 10,000 x g
for 1 min, and resuspended in 750 pL of BashingBead Buffer (Zymo Research Corp.). Each
sample was transferred to a BashingBead Lysis Tube (Zymo Research Corp.) and homogenized
for 45 seconds at maximum speed using a Mini-BeadBeater-8 (BioSpec Products Inc.,

Bartlesville, OK). The lysed samples were stored at -20°C until DNA was extracted.

DNA Extraction and Sequencing

Before DNA extraction, each sample was thawed on ice and homogenized for 30 seconds

at maximum speed using a Mini-BeadBeater-8 (BioSpec Products Inc., Bartlesville, OK). DNA
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was extracted according to manufacturer specifications using the Zymo Quick-DNA
Fungal/Bacterial Miniprep kit (Cat# D6005, Zymo Research Corp., Irvine, CA). For community
characterization, a conserved region of the SSU rRNA gene of most bacteria, archaea, and
eukarya was amplified using primers 515F-Y and 926R (Parada et al., 2015) via the following
PCR protocol: initial denaturation at 94°C for 2 min, followed by 30 cycles of denaturation at
94°C for 45 s, annealing at 50°C for 45 s, and extension at 68°C for 90 s, with a final extension at
68°C for 5 min. These primers produced two amplicons, a ~400 bp fragment for bacteria and

archaea, and a 600 bp fragment for eukaryotes. The forward primer 515F-Y (5’-GTA AAA CGA

CGG CCA G CCG TGY CAG CMG CCG CGG TAA-3’) contains the M13 tag (underlined)
fused to the 5’ end of the forward primer (Kraus et al., 2016). The reverse primer 926R (5’-CCG
YCA ATT YMT TTR AGT TT-3") was unmodified from Parada et. al 2015. Each PCR
contained 5 PRIME HOT master mix (1X; 5 PRIME Inc., Gaithersburg, MD), 0.2 uM of each
primer, and 3.0 pL of extracted DNA at a final volume of 50 pL. The amplified fragments were
purified using Sera-Mag magnetic beads (GE) with the AmPureXP (Beckman Coulter) protocol
at a final concentration of 1.8x v/v. After purification, 3 pL of each PCR product, 1x 5 PRIME
HOT master mix (Quantabio, Massachusetts, USA), 0.2uM of the 926R primer, and 0.2 uM of a
specific 12 bp oligonucleotide was used in a separate barcoding PCR (6 cycles) in 50 uL
reactions to attach a unique barcode to amplicons of each library. The same thermocycler
protocol was used as above but only run for 6 cycles. The now barcoded amplicons were purified
using Sera-Mag (GE) beads with the AmPureXP (Beckman Coulter) protocol to a final volume
of 40 pL, quantified using the QuBit HS DS DNA assay kit (Thermo Fisher Scientific Inc.,
Waltham, MA), and pooled in equimolar amounts. The pooled, barcoded amplicon libraries were

then concentrated to a final volume of 40 puL (209 ng/ uL) with an Amicon-Ultra filter
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(Millipore, Burlington, MA, USA) following manufacturer’s protocol. The combined amplicon
libraries were denatured according to Miseq library preparations protocol (Illumina, San Diego,
CA, USA). The sample was loaded at a concentration of 10 pM and sequenced using 2x250

paired-end strategy on the Miseq (Illumina San Diego, CA, USA) platform for 251 cycles.

ASYV Inference and Bacterial Community Characterization

Barcodes from amplified regions of the 16S rRNA gene were removed and demultiplexed
using QIIME v 1.9.1 (Caporaso et al., 2010). Demultiplexed reads were trimmed for adapters
and quality filtered as a part of the dada?2 pipeline (Callahan et al., 2016) and amplicon sequence
variants (ASVs) were inferred using the forward reads (203 bp). Specifically, forward reads were
used instead of merged forward and reverse reads due to poor quality in the overlap region. In
order to retain sequencing depth, but at the expense of some taxonomic resolution, reverse reads
were omitted from all analyses. In short, forward reads (V4) were trimmed and quality filtered
(maxEE=2) via filterAndTrim, dereplicated via derepFastq, and ASVs were inferred (dada).
Concerning ASV filtration, the dada2 pipeline does not infer an amplicon sequence variant that
is only supported by one read, therefore, the final ASV table does not contain singletons, which
could affect statistical methods for richness (though no statistics were performed on richness in
this study). Lastly, chimeras were removed (removeBimeraDenovo, method =“consensus’’) and
taxonomy was assigned using the SILVA database v32 (Quast et al., 2013, Yilmaz et al., 2014).
Sequences mapping to chloroplasts and mitochondria were filtered from the dataset. The final
dataset consisted of ~1.7 million reads resulting in 463 ASVs with a median of 17,347 sequences

per sample (min = 132, max= 266,678).
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Data Availability: Sequence data has been deposited at NCBI’s Sequence Read Archive (SRA)

database under accession number PRJINA675861.

Data Analysis

Community diversity was analyzed using the phyloseq (McMurdie and Holmes, 2013)
and vegan (Dixon, 2003) packages in R. Relative abundance was only used to directly assess the
diversity of the original inocula. Presence/absence and richness were used as the main metrics to
compare cultivated samples because of the variation in biomass (i.e. colony size) between
microbial colonies on and between agar plates. Since this procedure duplicated swabs when
sampling, the data from the molecular control swabs were pooled for analysis. The variability in
swabbing, as these are technical replicates, would be different than the variability of triplicates
resulting from cultivation, since these could represent biological replicates resulting from the

stochasticity of what cells landed on which plate.

Alpha diversity was calculated as richness of ASVs, while beta diversity was measured
with non-metric multi-dimensional scaling (NMDS) using Jaccard distances. A permanova with
the adonis2 function in the vegan package was used to compare differences in the composition of
taxa cultivated across media types, treatment, and orifices (Dixon, 2003). Due to the nestedness
of orifice and cultivation conditions, orifice was used as a stratum or fixed factor, and media and
treatment were used as predictor variables (~media*treatment). Differences in cultivable
diversity could be due to different starting communities from each orifice. So, orifice was treated
as a fixed factor to control for any influence it could have on the significant differences in

diversity between cultivable communities. To fully understand the significance described in the
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permanova, a permdisp with the betadisper function in vegan was used to describe any within
sample variance (i.e., across replicate agar plates) that could explain any significant differences
detected in the permanova. Hypothesis testing via anova with permutations (n=999) was used
with permdisp to determine any significant differences in variation within samples. These
statistical methods allowed us to determine if our cultivation strategies cultivated diverse subsets

of organisms that were different from each other between media and treatment types.

To identify certain ASV families more associated with an orifice, medium, or treatment, a
species indicator analysis was performed using the indicspecies package (permutations = 999)
(De Caceres and Legendre, 2009; De Caceres et al., 2011 ). Species indicator analyses would

help efforts to determine which medium or treatment cultivated which taxa.

Bioassays and Isolate Identification

Colonies were selected for isolation based on morphology, with the intent of sampling as
many different colony morphologies as possible. From average of 8.1 x 10! CFUs/mL cultivated
across all medium types and dilutions, a total 238 colonies were chosen for isolation based on
differential colony morphology from the mouth and rectum on a subset of the media types (0.1X
TSA, ROXY with alpha-ketoglutarate and hemin, and 0.25X R2A). Colonies were isolated by
streaking for isolation of single colony morphologies at least three times before the assumption
of pure cultures. To determine bioactivity, soft agar overlays in 0.1X TSA (0.8% agar) were used
to test for growth inhibition of a panel of drug-resistant pathogens (Klebsiella pneumonia
ATCCH# 13883, Enterococcus faecium ATCC# 51559, Pseudomonas aeruginosa ATCC# 10145,

and Candida albicans ATCC# 565304). To prepare for the bioassay, pathogens were incubated
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overnight, shaking at 250 rpm at 30°C, in 0.1X tryptic soy broth (TSB) (Bacto, USA). A 400 puL
aliquot of each pathogen was used to inoculate 3.6 mL of molten TSA soft agar (at 55 °C),
mixed, and immediately poured onto a 0.1X TSA agar plate for a final overlay volume of 4 mL.
Colony material from each isolate was transferred to the bioassay plate with a sterile toothpick
by etching an ‘X’ into the overlay. The inoculated bioassay plates were incubated at 30 °C for 24
hours. Inhibition of the pathogen in the overlay was characterized by a zone of clearing
surrounding the isolate (Figure S1). For cryopreservation, each isolate was grown in 5 mL of
0.1X TSBina 16 x 150 mm test tube shaking at 250 rpm for 48 h. An aliquot of 800 uL of the
culture was transferred to a 2 mL screw cap tube, along with 200 uL of 80% glycerol, for a final
concentration of 20% glycerol. After mixing by vortex for 30 s, it was then stored at -80°C.
Partial SSU rRNA sequences were used to identify each isolate. Genomic DNA was extracted
from each isolate using QuickExtract (Lucigen, Wisconsin, USA) according to manufacturer’s
protocol from the above mentioned 0.1X TSB cultures. The SSU rRNA gene was amplified
using primers 8F (3’-ATGC-5") and 1492R (3’-ATGC-5’) at a concentration of 0.2 mM, 1x 5
PRIME HOT master mix (Quantabio, Massachusetts, USA) , and 2.0 mL of DNA template per
50 mL reaction via the following PCR protocol: initial denaturation at 94°C for 2 min, followed
by 30 cycles of denaturation at 94°C for 30 s, annealing at 55°C for 45 s, and extension at 72°C
for 45 s, with a final extension at 72°C for 10 min. Amplified fragments were purified using
Sera-Mag magnetic beads (GE) with the AmPureXP (Beckman Coulter) protocol at a final
concentration of 1.8x v/v. Some isolates were not recoverable after the process of freeze-
thawing, and some extractions did not result in enough DNA for sequencing. Purified amplicons
(a total of 192 samples) were sent for Sanger sequencing using the 8F primer (Genewiz, New

Jersey, USA). Resulting sequences and chromatograms were assessed for quality using
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Integrative Genomics Viewer (IGV) (Robinson et al., 2011). Sequences with low quality (< Q20)
were removed, low quality ends were trimmed with MEGA X (Kumar et al., 2018), and the final
sequences were identified using the SILVA v. 132 classifier online server (Quast et al., 2013). A

total of 117 isolates had suitable reads and met quality thresholds for taxonomic identification.
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Results

Cultivated Microbial Richness Differed Between Orifice and Cultivation Condition

As expected, a library of SSU rRNA genes from the original inocula showed that they
had higher richness (alpha diversity) than the cultivated organisms from both orifices (Figure 1).
The microbial community sampled from the rectum had higher overall richness (153 ASVs)
compared to that of the mouth (86 ASVs) (Figure 1). Overall, we were able to cultivate 57.3% of
the ASVs detected in the inocula (58.1% from the mouth and 57.5% from the rectum).
Interestingly, about half (52.7%) of the ASVs detected from the cultivation experiments were not
represented in either library from the inocula (i.e., molecular control) (Figure 2). The number of
ASVs detected on a certain medium or treatment differed between orifices. For instance,
cultivation on TSA medium treated with catalase resulted in only 29 ASVs from the rectum
inoculum compared to around 70 different ASVs from the mouth. The fewest number of ASVs
was detected on the ROXY medium amended with alpha-ketoglutarate and hemin from both the
mouth and rectum. The cultivated beta diversity differed based on orifice and cultivation
condition. Specifically, community structure differed based on orifice and treatments, more so
than base medium type (Figure 3). Differences in the cultivated community composition and
diversity between medium and treatment confirmed that, collectively, using different cultivation

techniques increased the number of organisms cultivated from each inoculum.

Selective Treatments Increased Cultivated Richness Compared to Medium Type or Orifice

An indicator species analysis was used to determine which microbial families were

significantly associated with certain conditions. A total of ten families were identified to be
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significantly (p < 0.05) associated with orifice, medium type, and/or treatment. Only one family,
the Aeromonadaceae, was significantly associated with a particular orifice, the mouth. This
family was also the only family significantly (p = 0.001) associated with a certain base medium
type, ROXY (Table 1). Treatment of the medium and/or the inoculum selected for the most
diverse set of indicator species, with a total of 9 families significantly (p < 0.05) associated with
a certain treatment or combination of treatments (Table 1). Certain bacterial families like
Staphylococcaceae and Paenibacillaceae were associated with the ethanol pretreatment of
inocula, whereas the Wohlfarhtiimonodaceae and Metaschinikowiceae were more associated

with the addition of streptomycin to media (Table 1).

Much of the cultivable microbial diversity was shared between the mouth and the rectum,
indicated by the lack of significant differences in community structure described by the
permanova and permdisp analyses (discussed below). Based on molecular analyses, 27 families
were shared between the mouth and rectum before cultivation, while 6 families were unique to
the mouth and 6 families were unique to the rectum (Figure 4). Negative cultivation controls
(e.g., PBS) yielded no growth, supporting the assumption that any biomass collected from plates
originated from the inoculum. Lastly, our cultivation experiments led to the detection of 18
families from the mouth and 8§ families from the rectum that were not detected through direct
molecular analysis of the inoculum (Figure 4). This accounted for around half (52.7%) of the
ASVs detected during cultivation (Figure 2). This could be explained by differences in biomass
and growth characteristics not being captured by sequence data from the inocula (discussed

below).
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The Raccoon Microbiome Contained Cultivable Bioactive Bacteria

A total of 238 isolates were collected from a subset of media (0.25X R2A, 0.1X TSA,
and ROXY with alpha-ketoglutarate and hemin). Despite choosing colonies based on differential
morphology, many of these isolates were expected to be redundant, since the diversity of the
initial inoculum was low (Figure 1). This was confirmed with many isolates redundant at the
genus level and the majority of the identifiable isolates belonging to genera Serratia (34.2%) and
Klebsiella (17.9%) (Figure S2). Each of the 238 isolates were assayed for antimicrobial activity
against a panel of multi-drug resistant pathogens. A total of 7 isolates showed antimicrobial
activity, identified as a zone of clearing of one of the antibiotic resistant panel organisms. This
equated to a ~3% “hit” rate against already resistant organisms. Six of these isolates were
recovered from the mouth, while one, a Bacillus sp., was recovered from the rectum. Three
isolates were recovered from R2A, 3 from TSA and 1, an Enterobacteriaceae sp., from
ROXYakgh. Three isolates exhibited antimicrobial activity against Klebsiella pneumonia, three
against Enterococcus faecium, and one, a Pseudomonas sp., against Candida albicans. Five of

the isolates were identified by partial 16S rRNA gene sequence identity (Table 2).

The Composition of Cultivated Taxa was Highly Variable

Due to the nestedness of this experiment (i.e. taxa observed during cultivation
theoretically would be observed in sequencing), the stratification of taxa based on sampled
orifice was corrected for hypothesis testing with permanova by defining orifice as a stratum in
the adonis2 function in the vegan package (Dixon, 2003)(Figure 5A). The majority of the
explained variation and significant differences in cultivated taxa were due to treatment of the

inoculm or medium type (F=2.44, R? =0.12, p = 0.001), while base medium type alone
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explained only ~5% of the observed variation (F= 1.54, R? = 0.05, p = 0.002). The interactions of
base medium and treatment were insignificant and did not fit the model (F= 1.52, R*= 0.06, p=
0.208). An analysis of variances (permdisp) was used to determine if any significance was driven
by a dispersion effect rather than a location effect for orifice, base medium type, treatments, and
medium-+treatments. Mean distances to centroids did not differ significantly for orifice (F=0.69,
p=0.41; Mouth 0.51; Rectum 0.53) or medium-+treatment (F= 1.38, p=0.20; TSA=0.47,
TSAcatalase=0.52, TSAstrep=0.51, TSAethanol=0.45, R2A=0.44, R2Acatalase=0.47,
R2Aethanol=0.45, Blood=0.45, Bloodethanol=0.50, Bloodstrep=0.53, ROXY=0.48,

ROXY catalase=0.49, ROXYakgh=0.52), meaning little inter-sample variation was detected
between replicates. In contrast, the mean distances did differ for treatment (F=3.3, p=0.02; alpha-
ketoglutarate+hemin=0.52, no treatment (base)=0.50, catalase=0.53, ethanol=0.49,
streptomycin=0.56 ) and base medium type (F=4.4, p=0.01; Blood=0.56, R2A=0.50,
ROXY=0.53, TSA=0.55). The significance in dispersion within the treatment and media could
correspond to the significance in permanova results, where much of the variation explained in
the permanova may be due to the intrinsic variability and stochasticity among replicates of the

same inoculum.
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Discussion

We used mouth and rectal samples from a roadkill mammal (raccoon, Procyon lotor) to
(1) compare the diversity of cultured bacterial communities on multiple media types and/or
treatments of the inoculum, (2) determine which media/treatments cultivated the highest richness
of bacterial taxa, and (3) determine if any isolated organisms produced bioactive molecules
against a drug resistant pathogen panel. The occurrence of antimicrobial resistance is increasing
at a faster rate than new therapies are entering the market (Newman and Cragg, 2016; Centers for
Disease Control, 2019). Since nearly two-thirds of our current antimicrobial drugs are linked to
microorganisms (Clardy et al., 2006; Newman and Cragg, 2016), one of our goals was to
cultivate a diverse array of bacteria from a non-human mammalian microbiome and screen these
isolates for the production of antimicrobial metabolites. Growing microbial populations in the
laboratory that are representative of the overall microbial diversity within an inoculum continues
to be a major limitation for the field of microbiology. Here, we sought to use a combination of
selective medium types and treatments of the inocula that might enrich for certain groups present
in the oral and gut microbiomes of a roadkill racoon. In order to capture a more comprehensive
sample of microbial diversity, we used high-throughput sequencing of 16S rRNA gene amplified
libraries to characterize the original inocula and the cultivated populations that were washed

from the surface of agar media.

We anticipated finding a significantly lower percentage of cultivable organisms relative
to the molecular-based measures of diversity from each orifice, which we described as the
cultivated percentage. We also anticipated that the identity of recovered taxa would be similar

between media types and even orifices. The differences between organisms cultivated on
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different media, from different orifices was low. This suggested that the original inocula were
not as differentially diverse as expected, despite differing measures of richness in the molecular
controls. However, when observing the significance described in the permanova and permdisp,
the percentage of explained variation was low. This suggested that the stoichiometry of diverse
and variable inocula could play a large part in the outcome of this and any similar cultivation
experiment, particularly when plating across multiple medium types. Based on the low
percentage of explained variation, we also approached this data set from the perspective of the
unobserved or residual variation, such that some of this discussion will aim to pose questions
about what makes cultivation so difficult. Overall, we observed that cultivation yielded not just a
fraction of what was detected in sequence data, but rather expanded the total diversity that

potentially described the original sample.

Cultivation Can Be Optimized at Large Scales

Convergence of microbial communities occurred between the mouth and rectum for both
the molecular samples and the cultivated communities. This was expected since as an animal
undergoes decomposition, the microbial diversity decreases, especially in rectal communities
(Guo et al., 2016), and becomes dominated by certain taxa, namely Proteobacteria (Metcalf et al.,
2013). It is also important to point out that the preservation of a “typical” oral or rectal
community was unlikely to be observed, not only due to changes as decomposition mentioned
above, but also that structures may not be intact after collision with a vehicle. In our samples,
despite being a single time point roughly 8 hours after death, the mouth was dominated by
Proteobacteria while the rectum samples contained mostly Firmicutes, Proteobacteria, and

Bacteroides (Figure S3). Overall, about 87% of the microbial families detected in the molecular
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controls were shared between the mouth and rectum. This increase in shared taxa was also
expected, as the proportion of cultivable organisms was expected to be lower (Jensen, 1968) and
the differences in diversity would not be detected through the selection of cultivability. Because
of the small proportion of molecularly characterized microorganisms that are routinely recovered
in the laboratory, we employed multiple variations in cultivation, like medium type and

inoculum treatments to “cast a wider net.”

The treatments that were used selected for organisms that could withstand ethanol stress
(e.g., spore-formers), or that were streptomycin resistant. These treatments had a greater effect
on the cultivable diversity compared to changes in base medium alone, likely because the base
media shared many of the same oxidizable substrates. It is logical to hypothesize that the
inoculum exposed to selective treatments would have decreased cultivated richness compared to
the same inoculum on an untreated medium of the same type, since the selective agent would
inhibit the growth of a portion of the population. Instead, the cultivable richness and diversity
varied for the same treatments on different base medium types and between orifices (Figure 1
and Figure 4). This could be due to the treatments selecting for specific groups of taxa (i.e.
antibiotics) or creating an environment where certain taxa were able to out-compete other taxa on
non-selective medium (i.e. low nutrients, increased incubation and slow growers) (Davis et al.,
2005). Specifically, medium amended with catalase or streptomycin and inocula treated with
ethanol resulted in cultivated organisms not identified on other plates, or even detected in the
molecular controls in some cases (Figure 4). One possible explanation would be that this was due
to the inherent stochasticity associated with cultivation (discussed below). Despite this

variability, we were able to cultivate roughly 57% of the species richness detected with
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molecular approaches. Previous studies measuring cultivation success with high-throughput
sequencing have reported similar levels of cultivable richness from the skin of toads (~60%)
(Medina et al., 2017) and rumen fluid (23%) (Zehavi et al., 2018). Medina et al. reported greater
variation in cultivability between inocula (different animals of the same species from the same
area). Our data showed that more variability in cultivated taxa was observed between selective
additions to the medium or treatments of the inocula (Figure 4), and not the inocula (different
orifices) (Figure 3). Similar to Zehavi et al, different medium types and treatments increased the

cultivable proportion of the original sample.

Bioactivity and Phylogenetic Diversity of Isolates

The research reported here was based on previous success of using roadkill mammals as a
source of antimicrobial-producing microorganisms (Motley et al., 2017). Our intent was to
quantify and broaden the diversity of cultivated bacteria by the addition of various media and
treatments. This effort was measured by using plate-wash PCR and SSU rRNA gene sequencing
to thoroughly assess the taxa that were cultivated. Simultaneously, colonies were also picked for
isolation from replicate plates (n = 3), screened for antimicrobial production and identified
through SSU rRNA gene sequencing. Colonies were chosen based on differential morphologies.
Overall, 7 of the 238 recovered isolates showed bioactivity against the already antibiotic-
resistant pathogen panel, resulting in a ~3% hit rate. Five bioactive isolates were sequenced.
Three belonged to the phylum Proteobacteria (class Gammaproteobacteria) and two belonged to
the phylum Firmicutes. Two isolates were identified as a Bacillus sp. and a Pseudomonas sp.,
both genera known to contain species that produce bioactive compounds (Fuller et al., 1971;

Raaijmakers et al., 1997; Hamdache et al., 2011; Sumi et al., 2015; Motley et al., 2017).
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Interestingly, the isolates identified as an Enterococcus sp. and Klebsiella sp. showed inhibitory
activity to a member of its own genus, Enterococcus faecium and Klebsiella pneumonia,
respectively. This finding was consistent with the hypothesis that closely-related organisms often
have a negative effect on each other due to resource overlap (Hibbing et al., 2009), which has
been demonstrated for these genera (de Vos et al., 2017). In addition, some populations could be
making antimicrobial metabolites, like bacteriocins, that are effective against close relatives
(Chao and Levin, 1981). Future directions include sequencing the genome of each isolate,
investigating biosynthetic gene clusters, and using liquid chromatography and mass spectrometry

to investigate putative compounds produced in the bioassays.

Cultivation Yields Complex Data

The cultivation and isolation of many organisms at once can be incredibly laborious. New
technologies and approaches can help increase throughput, which is necessary to overcome the
re-isolation of abundant, common, and easy to cultivate organisms. However, it is still important
to be able to assess the efficacy of any cultivation effort. Unfortunately, we uncovered an
intrinsic property of cultivation that is not readily realized unless assessed at a large scale like it
was here, variability. Here, we did not detect the same cells (e.g., colonies measured in PWPCR)

consistently growing on replicate plates (Figure S4).

Neither differences in cultivation strategy nor orifice sampled could explain the majority
of the observed variation in community structure (Figure SA-B). We can attribute unexplained
variance (i.e. residuals) observed between communities (i.e. beta diversity) to stochastic effects

of cultivation, but that is not fundamentally measurable in this case. We can speculate that
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randomness would play a role in cultivation as samples are diluted (Justice et al., 2017; Zehavi et
al., 2018) or the spatial heterogeneity of the inoculum is altered, as demonstrated on a much
larger scale using leaf litter (Albright et al., 2019). In these instances, we could expect different
inocula resulting in different assemblages of cultivated organisms. We also know that
microorganisms immobilized on an agar surface are still able to interact through motility or
diffusion of metabolites, making certain competitive adaptations more advantageous (Chao and
Levin, 1981). In this experiment, the agar media allowed physical separation of individual cells
in the inocula and constrained microbial populations to form colonies, potentially forcing
interactions with neighboring colonies that could result in competition and inhibition of growth
through secondary metabolite production (Chao and Levin, 1981). The randomness of which
populations are in close proximity to one another could play a role in which members will thrive
from the same inoculum source, affecting the outcome of which taxa are cultivated (Traxler et

al., 2013).

Cultivation on agar plates warrants special consideration when discussing diversity. The
relative distribution of populations on an agar surface affects their prevalence and the overall
composition of the cultivated community. Further, the physiology and colony morphology of
each population dictates their prevalence and that of the surrounding populations on an agar
surface. Colony size, especially surface area, is impacted by traits such as growth rate, surface
motility (i.e., gliding motility, swarming), presence of inhibitory metabolites, and the availability
of resources. These differences in biomass distribution were important when deciding how to
measure diversity, a critical metric for assessing cultivation on an agar surface. Unlike liquid

cultures, varying biomass (i.e. colony size) from different taxa that might produce an equal
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number of colonies can over-estimate the relative abundance of that taxon, studies relying on
relative abundance to characterize diversity should consider this (Medina et al., 2017, Cummings
et al., 2020). If a population (A) has more proficient growth and forms a larger colony than
population (B), DNA extracted from each population would indicate that taxon A was more
abundant in the original inoculum, incorrectly representing the evenness of the original
inoculum. This is especially true when relative abundance is calculated based on equimolar DNA
concentration during library preparation. To mitigate any biased evenness, species richness and

Jaccard distances were used to measure alpha and beta diversity, respectively.

In this data set, about half of the ASVs detected after cultivation were not detected in the
molecular controls. This same phenomenon was observed by Zehavi et al. when cultivated
rumen OTUs outnumbered the OTUs detected in the original rumen sample and its dilutions
(1,012 out of 1,698) (Zehavi et al., 2018). This discrepancy may speak to the power of
cultivation relative to the power of direct molecular analyses in describing the diversity of a
community. However, both of these approaches come with their own caveats. Cultivation makes
assumptions about an organism’s ability to grow in the laboratory, while sequencing is
dependent on methodology, sequencing chemistry and sampling depth. In this study, rarefaction
curves indicated that sequencing efforts were sufficient (Figure S5). One potential explanation
for the large proportion of ASVs not detected in the controls could be that in combination with
the different media and treatments, we were able to give some of the less abundant
microorganisms a growth advantage. For example, members of the bacterial family
Wohlfarhtimonodaceae and members of the yeast family Metaschinikowiceae, were more

associated with the addition of streptomycin to media (Table 1), and not detected in the
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molecular controls (Figure 5). Streptomycin may have selected against the more abundant or
more competitive organisms, allowing taxa from these families to grow. Additionally, observing
Staphylococcaceae to be significantly associated with the ethanol treatment was unintended, as
we anticipated selecting for spore formers. However, this was not surprising as ethanol has been
shown to increase biofilm formation in staphylococcal species (Luther et al., 2015). Lastly and in
regard to high proportions of ASVs in cultivated samples, systemic contamination and the
presence of spurious ASVs from the PBS should be addressed. Similar to Zehavi et al., we
believe this is unlikely, as we observed no growth on the plates incubated with PBS, nor were
there any identifiable patterns among more rare taxa that would skew the data (Zehavi et al.,
2018). Further, because presence absence was used to describe ASVs, we would anticipate this
having a large effect if spurious ASVs were present across all samples, making more rare ASVs

have equal weight to abundant ASVs.

Cultivation is critical to answer broad challenges of microbial ecology like deciphering
microbial metabolisms or specific challenges like obtaining new isolates for antibiotic discovery.
The study of pure cultures remains the best approach to comprehensively describe an organism’s
physiological and metabolic properties, and efforts to optimize cultivation strategy have proven
successful (Connon and Giovannoni, 2002; Stevenson et al., 2004; Marmann et al., 2014; Laiger
et al., 2015; Oberhardt et al., 2015; Yang et al., 2015; Browne et al., 2016; Henson et al., 2016;
Berdy et al., 2017; Bartelme et al., 2020). Our data adds to previous studies (Medina et al., 2017;
Zehavi et al., 2018) that also sought to assess how medium type and treatment could increase
cultivated diversity, but adds the goal of “casting a wider net” to increase the diversity of

bioactive isolates. We were able to add to our library of bioactive isolates and show that
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microbiomes from roadkill mammals are a useful source of bioactivity, as observed in Motley et
al. Lastly, we showed that through a thoughtful cultivation approach driven by bulk molecular
analysis of cultivated taxa, we could cultivate a larger proportion of the diversity within an
inoculum and even taxa not detected in the molecular controls. This work adds to the growing
assessment of cultivation strategies using newer tools, like high-throughput sequencing, and
shows how these methods can be applied to drug discovery efforts. Cultivation is influenced by
many factors, and this work highlights some of those intricacies, like variability and
stochasticity. Cultivation is complex and challenging but cultivating in combination with

molecular tools can expand the observed diversity of an environment and its community.
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Figure 1: Alpha diversity of the mouth and rectum. For the controls, richness, measured using
ASVs, was higher in the rectum than the mouth. For cultivated communities, richness varied
based on medium type and treatment. Points represent each medium or treatment type, indicated

by color (n=3). Molecular 16S/18S refers to the directly sequenced inoculum sample (n=3).
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Figure 2: Distribution of ASVs between cultivation and molecular controls. The majority of
ASVs detected in the original inocula were shared between the mouth and rectum, while
approximately half of all ASVs detected through cultivation were not detected in the directly

sequenced samples. Created with http://bioinformatics.psb.ugent.be/webtools/Venn/.
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Figure 3: Beta diversity measured in Jaccard distance and NMDS ordination. Differences in
microbial community structure were driven by orifice and treatment, specifically ethanol and
streptomycin. Shape corresponds to orifice sampled, while color differentiates between

treatments of the medium or inoculum.
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Figure 4: Heatmaps describing presence absence of taxonomic families observed in the (A)
mouth and (B) rectum. Purple indicates that a family was observed while grey indicates that a
family was absent. The dendrograms highlight clusters of families observed during cultivation.

Control refers to the families identified on the molecular control.
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community structure during cultivation could not be explained by media, orifice, or treatment

alone. In all graphs, residual variation (in grey), is the proportion of variance not explained by

the model.
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Table 1. Taxonomic associations with media type using Indicator Species Analysis

Grouping Factor Condition
Orifice Mouth
Media Type ROXY
Blood + TSA + R2A
Treatment Ethanol
Streptomycin

Ethanol + Streptomycin
Catalase + Ethanol +

Streptomycin

Catalase + Ethanol +

Streptomycin + No Treatment

Indicator ASV Family
Aeromonadaceae
Aeromonadaceae
Cladosporiaceae

Staphylococcaceae
Paenibacillaceae
Wohlfahrtiimonadaceae
Metschnikowiaceae
Peptostreptococcaceae

Aspergillaceae

Cladosporiaceae

Debaryomycetaceae

Clostridiaceae 1
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Index Value

0.483

0.589

0.604

0.562

0.408

0.408

0.408

0.669

0.692

0.633

0.899

0.860

p value
0.007
0.001
0.026
0.014
0.041
0.034
0.030
0.003

0.004

0.006

0.002

0.006



Table 2. Cultivated bioactive isolates

Isolate

RC2RCR2A30-212

RC2MOR2A30-238

RC2MORGH30-018

RC2MOTSA30-050

RC2MOTSA30-142

SILVA Taxonomy

Bacillus sp.

Pseudomonas sp.

Enterobacteriaceae

Enterococcus sp.

Klebsiella sp.

52

Orifice

Rectum

Mouth

Mouth

Mouth

Mouth

Medium

R2A

R2A

ROXYgh

TSA

TSA

Activity
Against
Klebsiella
pneumoniae
Candida
albicans
Enterococcus
faecium
Enterococcus
faecium
Klebsiella

pneumoniae



Supplementary Material

Supplemental Figure 1: Bioassay plate showing three isolates generating a zone of inhibition

within pathogen overlay.
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Genus-Level Assignment (SILVA)

Aeromonas
Bacillus
Enterobacter
Enterobacteriaceae
Enterococcus
Escherichia-Shigella
Klebsiella
Lactococcus
Leuconostoc
Proteus
Providencia
Pseudocitrobacter
Pseudomonas
Serratia

Staphylococcus

Streptococcus

Unclassifed

Supplemental Figure 2: Pie chart of 117 identified isolates at the genus level.
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Supplemental Table 1. A quasi-factorial approach using targeted media and treatments for gut

microorganisms.
Media
Treatment/ Selection agents 0.1 TSA ROXY 0.25 R2A Blood Agar
None X X X X
Catalase X X X
Hemin and alpha-ketoglutarate X
70% ethanol X X X
Streptomycin X X
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Supplemental Figure 3: Phylum-level characterization of molecular controls, triplicates shown

for mouth (RC2M) and rectum (RC2R).
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Supplemental Figure 5: Rarefaction curves showing plateaued sequencing depth of (A)

cultivation samples and (B) molecular controls.
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Abstract

Determining the drivers of microbial community assembly is a central theme of microbial
ecology, and chemical ecologists seek to characterize how secondary metabolites mediate the
same microbial community assembly. Habitat structure affects both how communities assemble
and what metabolic pathways aid in assembly. Here, we sought to bridge these two perspectives
by addressing the chemical drivers of community assembly within a spatially structured
landscape. We hypothesized that structured habitats would select for higher microbial diversity
and metabolite diversity. We anticipated that the production of a compound would be more
advantageous in a structured habitat (less mixing) compared to an unstructured habitat (more
mixing), where the molecule would have a diminished local effect. We observed this to only be
partially true in our experiments: structured habitats had similar microbial diversity compared to
unstructured habitats but differed significantly in the metabolites produced. We also found that
structured habitats selected for communities that were more evenly distributed, rather than
communities with higher richness. This provides further support to the idea that when
characterizing the drivers of community assembly, it matters less about who is there and more
about what are they doing. Overall, these data contribute to a growing effort to approach

microbial community assembly with interdisciplinary tools and perspectives.
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Introduction

A central focus of microbial ecology is characterizing the forces that govern microbial
community assembly. Applying theories from macro-community ecology and accounting for
attributes of microbial communities that make them unique is not an easy endeavor. The
complexity of microbial community assembly stems from stochastic processes, like dispersal,
and the effects abiotic and biotic, deterministic forces play on a population or community.
Because microbial communities exist in spatial patches (Martiny et al. 2006; Caswell and Cohen
1991) and assemble into cell aggregates (Yanni et al. 2019; Tolker-Nielsen and Molin 2000),
interactions will play a major role in community assembly as populations establish complex
networks that define how microbial communities function. For example, microbial interactions
can drive geochemical processes (Ho et al. 2016; Falkowski, Fenchel, and Delong 2008;
Overmann and van Gemerden 2000) or nutrient uptake and host physiology in gut systems
(Garcia-Bayona and Comstock 2018; Coyte, Schluter, and Foster 2015). Many microbial
interactions are mediated by the production of secondary metabolites that aid in both
communication (X. Wang, Li, and Ling 2017) or competition (Hotterbeekx et al. 2017).
Characterizing the chemical communication network in which microorganisms exist is crucial to
understanding the rules that govern interactions at the population level (Dal Co et al. 2020;
Justice et al. 2017). Where microbial ecology often halts is in bridging the gap between
biodiversity/community assembly and chemical ecology/chemodiversity (Hilker 2014). Because
ecology is mediated by chemical agents at various temporal and spatial scales, the chemistry of a
system is an important factor when characterizing a community’s function and stability (Raguso
et al. 2015; Hilker 2014). Since many microorganisms naturally exist in a spatially structured,

heterogeneous habitat (Tolker-Nielsen and Molin 2000), like biofilms, it is important to
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characterize the effect of habitat structure on microbial community composition and function.

Here, we refer to habitat as the physical space a population inhabits, the gradients that exist
or are constructed, and the interactions among members of the community. A habitat can impose
barriers, chemical or physical, which can then influence the structure of a microbial community
and its spatiotemporal dynamics (i.e., habitat heterogeneity, niche construction, stability). A
structured habitat would lead to more environmental gradients and unstructured habitat
conditions would harbor fewer environmental gradients. This type of structure can be achieved in
a habitat though abiotic or biotic mechanisms. Structure can result abiotically from microscale
gradients in nutrients or chemicals, like oxygen or light, as well as physical barriers, like
surfaces. Structure can be established biotically through the metabolic activity of
microorganisms themselves via nutrient degradation and the production of metabolites involved
in signaling or competition (reviewed in (McNally and Brown 2015)). This process is referred to
as niche construction (Odling-Smee and Laland 1996). Overall, gradients create spatial
heterogeneity which affords more niches into which diverse groups can sort. It is as populations
seek to assemble or compete in these gradients that microorganisms interact with each other (Dal

Co et al. 2020) and where biodiversity and chemodiversity are intrinsically linked.

Structured habitats provide a mosaic in which neighbors can affect both each other and their
surroundings (Picketts and Cadenasso 1999). The effect that structured habitats (i.e., adaptation
and niche differentiation) have on clonal microbial populations has been characterized for some
organisms, such as colicin-producing and colicin-sensitive Escherichia coli strains, where the

structure of the habitat and the population size determined if a producer strain could outcompete
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the sensitive strain (Chao and Levin 1981). A structured habitat also selects for phenotype
diversification in Pseudomonas fluorescens compared to a constantly mixed, unstructured habitat
(Rainey and Travisano 1998). In the case of P. fluorescens, structure provided vacant niches
which allowed for different genotypes to partition along a gradient, particularly an oxygen
gradient (Rainey and Travisano 1998). Another example using a mixture of algal species showed
that spatial structure afforded by heterogenous stream flow rates selected for coexistence
(diversity) where a uniform flow rate (unstructured) led to competitive exclusion (Cardinale
2011). These examples highlight the importance of dispersal where microorganisms
stochastically arrive and then employ deterministic mechanisms to colonize new territory.
Overall, structured habitats can afford multiple niche spaces, selecting for microbial diversity
and functional diversity (Loreau et al. 2001) thereby creating ecological opportunity (Wellborn
and Langerhans 2015). It follows that where there is opportunity that multiple groups can take
advantage of, there will be competition for resources as organisms seek to establish themselves.
Unlike the previous examples, we seek to characterize community assembly and interactions in a

structured environment using a complex microbial community.

We hypothesized that structured habitats would select for the production of antimicrobial
metabolites as a competitive advantage during community assembly. We anticipated that the
production of a compound would be more advantageous in structured habitat (limited mixing),
compared to an unstructured habitat (more mixing) where the molecule would have a diminished
local effect (Czaran and Hoekstra 2003). Specifically, a structured habitat would keep the
producer and compounds within close range so that a producer can incur the benefit from costly

production (Dal Co et al. 2020; West et al. 2006; Chao and Levin 1981). Therefore, spatial
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structure will determine the effect molecules can have on a population. We also hypothesized
that the static communities would be more diverse (i.e. higher richness) since differential
gradients could allow for slow-growers to partition, compared to the shaking communities that
had a highly oxygenated environment that could select for fast-growers that would quickly
dominate. To test these hypotheses, we took a diverse wastewater community, diluted it to obtain
inocula of varying cell density, and incubated them in either static conditions to promote
structure (e.g., oxygen gradients) or shaking conditions to disrupt any gradients (Rainey and
Travisano 1998). We sampled these communities over the course of 12 days to generate a time
series. Our mesocosm communities had high levels of diversity while also allowing us to control
for abiotic variability. We measured the microbial community diversity via 16S rRNA gene
amplicon sequencing and the metabolite diversity through untargeted metabolomics. We found
that structured environments selected for different microbial communities and different chemical

profiles.
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Materials and Methods
Sampling and Experimental Set Up

Wastewater was collected from the aerator basin at the Norman Water Reclamation
Facility, Norman, OK on 11 February 2020, stored on ice, and transported immediately back to
the laboratory (< 30 minutes). The sample (50 mL volume) was homogenized vigorously on a
vortex mixer for ~2 minutes to break up flocks and produce a slurry. The sample was serially
diluted (1:10) in sterile R2B liquid medium four times to generate 5 different dilutions (dilution
factors of 1 to 10,000) to be used for the starting inocula (Reasoner and Geldreich 1985). Each
dilution was inoculated into sterile R2B medium for a final volume of 35 mL. A total of 150
enrichments were made so that three replicates could be sampled destructively, representing each
dilution (1E-00, 1E-01, 1E-02, 1E-03, 1E-04) for each sampling day (Day 0, 3, 6, 9, 12) and for
each condition (shaking or static). A total of 15 uninoculated medium controls (n=3) were made
to be used at each time point; these were incubated with the static samples. All cultures were

incubated at 30 °C, either shaking at 250 rpm or static (Supplemental Figure 1).

On each sampling day (0, 3, 6, 9, 12) prior to DNA extraction, triplicate cultures from
each inoculum size and condition were vortexed and pooled into a sterile glass beaker. Any
remaining biofilm was scraped from the glass walls of each test tube using a sterile, silicon cell
scraper (Sarstedt, Niimbrecht, Germany), transferred to the sterile beaker, and mixed. From this
pool, three 1.0 mL aliquots were transferred to sterile micro centrifuge tubes and spun at 10,000
x g for 1 min. The supernatant was removed, cells were resuspended 1 mL of sterile 1x PBS for
one wash and spun at 10,000 x g for 1 min to generate a cell pellet. After the 1x PBS supernatant

was removed, cells were resuspended in 750 uL Zymo bashing bead buffer (per Zymo Quick
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DNA manufacturer protocol), transferred to Zymo bead tubes (Zymo Research Corp., Irvine,
CA), homogenized for 45 seconds using a hand-held reciprocating saw with custom attachment
(RYOBI, Anderson, SC), and stored at -20 °C until DNA extraction. Lastly, 103 mL of ethyl
acetate was added to the remaining volume of the pooled samples (~103 mL) and mixed to
generate a 1:1 ratio of culture and solvent for an overnight, organic extraction at room
temperature. Medium controls for each time point, described above, were pooled, sampled for
DNA extraction, and prepared for ethyl acetate organic extraction as described above for the

cultures to be used as blanks for both sequencing and metabolomic data.

DNA Extraction and Sequencing

Before DNA extraction, each sample was thawed on ice and homogenized at maximum
speed for 45 seconds using a hand-held reciprocating saw. DNA was extracted according to
manufacturer specifications using the Zymo Quick-DNA Fungal/Bacterial Miniprep kit (Cat#
D6005, Zymo Research Corp., Irvine, CA). Samples were stored at -20°C until extractions could
be processed at once. For community characterization, a conserved region of the SSU rRNA
gene of most bacteria, archaea, and eukarya was amplified using primers 515F-Y and 926R
(Parada, Needham, and Fuhrman 2015) via the following PCR protocol: initial denaturation at
94°C for 2 min, followed by 30 cycles of denaturation at 94°C for 45 s, annealing at 50°C for 45
s, and extension at 68°C for 90 s, with a final extension at 68°C for 5 min. These primers
produced two amplicons, a ~400 bp fragment for bacteria and archaea, and a 600 bp fragment for

eukaryotes. The forward primer 515F-Y (5’-GTA AAA CGA CGG CCA G CCG TGY CAG

CMG CCG CGG TAA-3’) contains the M 13 tag (underlined) fused to the 5° end of the forward

primer (Kraus et al. 2018). The reverse primer 926R (5’-CCG YCA ATT YMT TTR AGT TT-
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3’) was unmodified from Parada et. al 2015. Each PCR contained 5 PRIME HOT master mix
(1X; 5 PRIME Inc., Gaithersburg, MD), 0.2 uM of each primer, and 3.0 uL of extracted DNA at
a final volume of 50 pL. The amplified fragments were purified using Sera-Mag magnetic beads
(GE) with the AmPureXP (Beckman Coulter) protocol at a final concentration of 1.8x v/v. After
purification, 3 uL of each PCR product, 1x 5 PRIME HOT master mix (Quantabio,
Massachusetts, USA), 0.2uM of the 926R primer, and 0.2 uM of a specific 12 bp oligonucleotide
was used in a separate barcoding PCR (6 cycles) in 50 pL reactions to attach a unique barcode to
amplicons of each library. The same thermocycler protocol was used as above but only run for 6
cycles. The now barcoded amplicons were purified using Sera-Mag (GE) beads with the
AmPureXP (Beckman Coulter) protocol to a final volume of 40 uL, quantified using the QuBit
HS DS DNA assay kit (Thermo Fisher Scientific Inc., Waltham, MA), and pooled in equimolar
amounts. The pooled, barcoded amplicon libraries were then concentrated to a final volume of
100 pL (16.6 ng/ uL) with an Amicon-Ultra filter (Millipore, Burlington, MA, USA) following
manufacturer’s protocol. The combined amplicon libraries were denatured according to Miseq
library preparations protocol (Illumina, San Diego, CA, USA). The sample was loaded at a
concentration of 10 pM and sequenced using 2x250 paired-end strategy on the Miseq (Illumina

San Diego, CA, USA) platform for 251 cycles.

Organic Extractions for LCMS/MS

After overnight ethyl acetate extractions, the organic layer was transferred to round-
bottom flasks and evaporated on a Heidolph Hei-Vap Value (Heidolph, Schwabach, Germany)
rotovap. Samples were resuspended in 100% methanol and transferred to pre-weighed

scintillation vials. Samples were dried under nitrogen gas at room temperature and weighed for
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final yield (mg). For this experiment, all beakers were brand-new from the same lot, rinsed with
100 % methanol prior to use, and one beaker was incubated overnight with 103 mL of ethyl
acetate to generate a glassware blank to attribute any features in the metabolomics data to
glassware alone. Once samples were dry, they were stored at -80°C until experiment was

complete.

After all metabolite samples were dried and stored at -80°C, each sample was
resuspended to a final concentration of 11 mg/mL in 100% isopropanol containing 0.1 pM of
sulfadimethoxine as an internal standard. A volume of 100 pL of each sample was transferred to
a LCMS/MS 96-well plate and stored at -80 °C until it was run on the instrument. In addition to
the samples contain in internal control, a pooled sample control containing 2 puL. of every sample
and a 100% isopropanol (IPA) with internal standard was also prepared. Lastly, 100% methanol

blanks were run between each experimental sample.

HPLC-ESI Mass Spectrometry

HPLC separation of the samples (5uL injection volume at 11 mg/mL) was performed on
an Agilent 1290 HPLC system with a Waters ACQUITY UPLC BEH column (ODS-18; 2.1 x
100 mm; 1.7 pm particle size). Mobile phase A was comprised of 0.1% formic acid in Optima
LC/MS water (Fisher), while mobile phase B was comprised of 0.1% formic acid in 100%
HPLC-grade acetonitrile. A binary gradient at 0.4 mL/min flow rate was used under the
following steps: 90% solvent A and 10% solvent B from 0 to 1 min, linear gradient to 20%
solvent B from 1-2 min, linear gradient to 80% solvent B from 2-16 min, linear gradient to 100%

solvent B from 16-18 min, and 100% solvent B from 20 — 21 min, which was maintained for an
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additional 2 min before the next sample injection. The resulting eluent from the HPLC column
was run on an Agilent 6545 accurate mass Q-TOF mass spectrometer with an electrospray
ionization source operating in the positive mode. Nitrogen was used as a nebulizing gas (40
Ibs/in?) and as a drying gas (325 °C; 10 L/min flow rate) (Bartley et al., 2013). Fragmentor
voltage was 180 V, skimmer voltage was 45 V, and capillary voltage was 4,000 V. Untargeted
MS/MS was used with mass-dependent collision energy ramp from 20-35 V using UHP
Nitrogen. Data was collected with Mass Hunter Acquisition software (B.08.00) and analyzed

with Mass Hunter Quantitative Analysis software (B.06.00).

ASYV Detection

Barcodes from raw SSU rRNA amplicon sequences were trimmed and sequences were
dereplicated using cutadapt v 3.0 (M. Martin 2011). Demultiplexed reads were quality filtered,
forward and reverse reads were merged (~372 bp) and amplicon sequence variants (ASVs) were
inferred as a part of the dada? pipeline (Callahan, McMurdie, and Holmes 2017). Taxonomy was
assigned using the SILVA database v32 (Yilmaz et al. 2014; Quast et al. 2013;). Contaminants
were removed via the r package decontam v. 1.10 using the frequency and prevalence based
filtering with a threshold of 0.5 (Davis et al. 2017). The final, experimental dataset consisted of

~1.4 million reads resulting in 1923 ASVs with a median of 9054 reads per samples.

Tree Building and Community Analysis
Sequences were aligned using the r package DECIPHER v 2.0 (Wright 2016; Wright
2015) and the r package phangorn v2.5.5 (Schliep 2011) was used to first construct a neighbor-

joining tree to use as the starting point for a GTR+G+I maximum likelihood tree. Community
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analysis was done using environments created from the r package phyloseq v1.26.1 (McMurdie
and Holmes 2013). Richness was calculated using the r package breakaway which calculates
error in richness estimation (Willis and Bunge 2015). Evenness was calculated using Pielou’s
index (Pielou 1966). To test whether habitat structure had an effect on the richness and evenness
of the microbial communities for each dilution, a Levene’s test was used to confirm homogeneity
of variance (Levene 1960) using the r package car (Fox and Weisberg 2019) before a two-way
ANOVA coupled with a Tukey’s honest significant difference test was used to compare
differences between shaking and static cultures for each time point in PRISM v9 (GraphPad

Software, San Diego, California USA).

To characterize beta diversity, distances were calculated using weighted UniFrac
distances (Lozupone and Knight 2005) and ordinated using Principal Coordinate Analysis
(PCoA) calculated with 95% confidence ellipses. Statistical comparisons across cultivation
conditions, dilution, and day were done using PERMANOVA with the adonis function in the
vegan t package (~ Dilution*Condition*Day) (Oksanen et al. 2019). To fully understand the
significance described in the PERMANOVA, a PERMDISP with the betadisper function in
vegan was used to describe any within sample variance (i.e. across replicates) that could explain
any significant differences detected in the PERMANOVA . Hypothesis testing via ANOVA with
permutations (n=999) was used with PERMDISP to determine any significant differences in

variation within samples.

To further investigate changes in abundance of certain taxa between shaking and static

conditions, the r package corncob was used to calculate differential abundances using a beta
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binomial model at the genus level (B. D. Martin, Witten, and Willis 2020). This model controlled

for covariates (day or dilution).

Metabolomics Data Processing
Raw data obtained from the LCMS/MS instrument was converted to .mZXML files using
msConvert within ProteoWizard v3 (Chambers et al. 2012). The resulting .mzXML were

uploaded to MassIVE (massive.ucsd.edu) as public dataset (MSV000086507).

Molecular Networking and Spectral Library Search in GNPS

The mass spectrometry data were first processed with MZmine2 v2.51 (Pluskal et al.
2010). Peaks were identified (MS1 noise cutoff: 1.0E2, MS2 noise cutoff: 1.0E1).
Chromatograms were built under the following criteria using the ADAP chromatogram builder
(Myers et al. 2017): MS1 scans; Minimum Group Number: 5; Group Intensity: 2.0E2; Minimum
High Intensity: 1.0E3; m/z tolerance: 0.02 m/z or 0.0 ppm. Deconvolution was achieved through
the following parameters via the local minimum algorithm: Chromatographic Threshold: 5.0%;
search minimum in RT range: 0.4 min; Minimum Relative Height: 5.0%; Minimum Absolute
Height: 2.0E3; Minimum Ratio Peak Top/Edge: 1; Duration: 0.01-3.50 min; Algorithm: Median;
m/z MS2: 0.01Da; RT Range: 0.2 min. Isotopes were grouped under the following criteria: m/z
total: 0.02; RT total: 0.10 min; Maximum charge: 3; Representative Isotope: Max Intensity. The
feature table was constructed with using the following alignment parameters: m/z tolerance: 0.02
m/z or 200 ppm; Weight for m/z: 75; RT tolerance: 0.1 min; Weight for RT: 25 and filtered using
the following criteria: Min peaks in per row : 3; Keep only peaks with MS2: yes. Poor peaks

were removed from the peak list (long tails or plateaus) and any feature found in a blank
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(methanol, glassware, or isopropanol) was removed from the feature table. Results were exported
to GNPS (M. Wang et al. 2017), for feature based molecular networking (FBMN) analysis

(Nothias et al. 2020).

In GNPS the data were analyzed using FBMN workflow (Nothias et al. 2020). The data
were filtered by removing all MS/MS fragment ions within +/- 17 Da of the precursor m/z.
MS/MS spectra were filtered by choosing the top 6 fragment ions in the +/- 50 Da window. The
precursor ion mass tolerance was set to 0.02 Da and the MS/MS fragment ion tolerance to 0.02
Da. A molecular network was created with edges (filtered via cosine score > 0.7 and > 4 matched
peaks). Also, edges between nodes were kept only if each of the nodes appeared in each other’s
respective top 10 most similar nodes. Finally, the maximum size of a molecular family was set to
100. The analogue search mode searched against MS/MS spectra with a maximum difference of
100 Da in the precursor ion value. The library spectra were filtered as the input data was filtered,

as discussed above, cosine score above 0.7 and at least 4 matched peaks.

Data Deposition and Job Accessibility
Sequence data has been deposited at NCBI’s Sequence Read Archive (SRA) database

under accession number PRJINA732431.

The mass spectrometry data were deposited on MassIVE (MSV000086507). The
molecular networking job can be publicly accessed at
https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=e96bf8001f6d4518834ac6ba3 742bd8 1.
(Supplemental run containing samples from Day 0 can be accessed at

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=807cc96{3c5d4898aca64659484d86¢a).
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Metabolomics Data Analysis and Hypothesis Testing

Principal Coordinate Analysis using Bray-Curtis distances and 95 % confidence ellipses
calculated from total ion current (TIC)-normalized feature table was used to visualize the
composition of metabolites using the r package phyloseq v1.26.1 (McMurdie and Holmes 2013).
The molecular networks were visualized using Cytoscape software v3.8.1 (Shannon et al. 2003).
To test for differences, a PERMANOVA and PERMDISP were used (as described above) to
characterize differences between metabolite composition among samples. To test the hypothesis
that structured habitats yield a community that produces a richer pool of metabolites, we first
normalized the feature table to the total signal total ion current (TIC) then performed a Mann-
Whitney U test (Wilcoxon rank sum test) using the r package stats (R Core Team 2018). We also
used a Fisher’s Exact Test to confirm differences in unique/total metabolites for each condition.
To characterize how metabolite diversity changes over time, a liner mixed effects model was fit
using REML via the r package /me4 Imer function (Bates et al. 2015). The formula Features ~
Condition * Day + (1 | Dilution) was used to compare the change in metabolite diversity
(richness) over time between shaking and static conditions while treating inoculum size as a

random variable (e.g. dispersion).

To investigate the relationship between microbial and metabolite alpha diversity
measures, we performed a Spearman’s rank-based correlation comparing the metabolite richness
to each alpha diversity measure using the r packages Hmisc and corrplot (Frank E Harrell Jr

2020; Wei and Simko 2017).
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Results
Biofilm Formation in Shaking and Static Cultures

Despite the intention to remove structure through shaking and homogenization, many
shaking cultures contained visible biofilm on the walls of the culture tube at the air-media
interface (Supplemental Figure 2). The speed of shaking was maximized, limited only by the
need to prevent spillage. We speculate that communities exploited this available structure, as
microorganisms live in structured environments naturally (Tolker-Nielsen and Molin 2000;
Picketts and Cadenasso 1999), leading to the observed biofilm. However, there was nevertheless

less structure than in the static cultures.

Differences in Microbial Community Structure Were Primarily Driven by Habitat
Structure

To focus on those communities being selected for through this experiment, Day 0
samples were removed from the analysis and only samples that result from cultivation were
further analyzed (See Supplemental Text). After removing Day 0, the most obvious pattern was
the separation of static communities and shaking communities (PERMANOVA F=75.12,
1?=0.24, p=0.001; PERMDISP F=1.46, p=0.218) (Figure 1). Microbial communities also
clustered according to inoculum size where samples partitioned from low to high dilutions for
both static and shaking conditions (PERMANOVA F= 13.89, r>=0.17, p=0.001; PERMDISP
F=2.71, p=0.0.038) (Figure 1B). Lastly, microbial community structure changed little over time
(PERMANOVA F= 6.42, r* = 0.06, p=0.001; PERMDISP F= 4.80, p=0.007) (Figure 1A).
Interaction effects between variables suggest that main effects alone do not drive differences, but

rather combinations of factors like starting inoculum size, time, and condition jointly have an
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effect (Dilution:Condition F = 4.242, r?= 0.05, p= 0.001; Dilution:Day F= 2.67, r>= 0.10, p=
0.001; Condition:Day F= 3.7, r’= 0.04, p=0.001; Dilution:Condition:Day F= 2.84, r*= 0.11,
p=0.001). Interactions between treatments and the significant dispersion within treatments, like
dilution or time, highlight important factors that will affect microbial community assembly. For
most conditions, the beta diversity between replicate samples became more variable as inoculum
size decreased (i.e. high ranges for distance to centroid) (Supplemental Figure 4B). This would
suggest that community assembly follows a predictable trend when the inoculum is larger, but as
populations are diluted, the outcome of community assembly becomes more difficult to predict.
Conversely, little dispersion between static and shaking samples suggest that the effect of habitat
structure is acting in a predictable manner (Supplemental Figure 4A). Overall, beta diversity
indicates that structure, afforded by static cultivation or removed by shaking cultivation, was the
primary driver of diversity and that the size of the starting community and time can have an

effect on community assembly in structured and non-structured habitats.

Structured Habitats Selected for Different Community Compositions

Richness was similar between shaking and static communities, and richness changed little
over time (Figure 2A) (Structure; Dilution 1: F = 3.7, p=0.07; Dilution 0.1: F = 2.6, p=0.13; ,
Dilution 0.01: F = 2.6, p=0.13; Dilution 0.001: F = 1.6, p=0.23; Dilution 0.0001: F =0.28,
p=0.60 ) (Time; Dilution 1: F = 1.5, p=0.27; Dilution 0.1: F = 1.8, p=0.20; Dilution 0.01: F = 1.5,
p=0.25; Dilution 0.001: F = 2.5, p=0.10; Dilution 0.0001: F = 1.0, p=0.42). In contrast, evenness
significantly differed between some shaking and static communities (Figure 2B) (Structure;
Dilution 1: F = 0.32, p=0.58; Dilution 0.1: F = 18, p=0.0008; Dilution 0.01: F = 56, p<0.0001;

Dilution 0.001: F =123, p<0.0001; Dilution 0.0001: F =17, p=0.0011 ). Evenness also
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significantly changed over time (Time; Dilution 1: F = 7.1, p=0.004; Dilution 0.1: F =2.8,
p=0.07; Dilution 0.01: F = 15, p<0.0001; Dilution 0.001: F = 25, p<0.0001; Dilution 0.0001: F
= 3.4, p=0.05) (Figure 2B). Further, structured habitats selected for higher abundances of certain
taxa (Figure 3), despite some taxa being shared between shaking and static conditions
(Supplemental Figure 5). Specifically, static cultures had significantly higher relative abundances
of Acrobacter spp., Prevotella spp., Pseudomonas spp., and Delftia spp. compared to shaking.
We also observed lower abundant taxa, like Desulfovibrio spp., to have significantly higher
relative abundances in static cultures compared to shaking cultures (Figure 3). In contrast,
shaking cultures were dominated by Aeromonas spp. with similar relative abundance across
inoculum size (Supplemental Figure 5). Considering structured environments, static cultures
could have provided different niches, particularly along an oxygen gradient, that may allow
different taxa to grow equally well, resulting in more even communities. This is contrasted with
unstructured environments, that possibly selected for more oxygen-adapted taxa that were able to
quickly outcompete other taxa, resulting in communities with a dominate taxon, like Aeromonas
sp. Overall, communities resulting from shaking or static samples were composed of similar

populations but were structurally different.

Cultivation Conditions Produced Communities with Different Metabolic Profiles

We observed the structure of the metabolome to be significantly different between
shaking and static cultures (PERMANOVA F= 64.83, r’= 0.07, p=0.001, PERMDISP F= 18.44,
p=0.001) (Figure 4A, 4C) indicating that these conditions resulted in different metabolic
profiles. The metabolome structure also differed among inoculum sizes (PERMANOVA F=

26.74, r’= 0.12, p=0.001, PERMDISP F= 1.04, p = 0.395) and over time (PERMANOVA F=
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30.85, r>=0.11, p=0.001, PERMDISP F=2.85, p = 0.041) (Figure 4A, 4C). More so than was
observed in the microbial community structure, interactions between cultivation conditions,
inoculum size, and time, explained much of the variation between metabolite compositions
(PERMANOVA Dilution:Condition F= 24.26, r>= 0.11, p= 0.001; Dilution:Day F= 17.56, 1> =
0.23 and p = 0.001; Condition:Day F= 23.35, r> = 0.08, p = 0.001, Dilution:Condition:Day F=
0.21,r*=0.21 and p=0.001). A total of 391 metabolites were shared between shaking and static
cultures, while static cultures had 1204 unique metabolites and shaking cultures had 263 unique
metabolites (Fisher’s exact test, p < 0.0001) (Figure 4B). To test the hypothesis that structured
environments foster a community producing a higher richness of metabolites, we performed a
Mann-Whitney U Test on feature counts (TIC normalized) with Benjamini-Hochberg correction
and found static cultures to have significantly higher richness than shaking cultures (W = 952.5,
p-value = 3.657e-05), though differences in richness between shaking and static was dependent
on starting inoculum sizes (Figure 3C) (Dilution 1: F = 84, p<0.0001; Dilution 0.1: F = 2.0,
p=0.18; Dilution 0.01: F = 72, p<0.0001; Dilution 0.001: F = 1.9, p=0.19; Dilution 0.0001: F =
48, p<0.0001). We also found an overall greater diversity of metabolite features over time in
static cultures (anova(lmer):Chi-sq= 22.4, p<0.0001)(Figure 3D ), but not shaking cultures,
though changes over time varied between dilutions (Dilution 1: F = 51, p<0.0001; Dilution 0.1: F
=15, p<0.0001; Dilution 0.01: F = 26, p<0.0001; Dilution 0.001: F = 9.0, p=0.0012; Dilution
0.0001: F=17,p=0.0011). Because we normalized by weight, the increase in feature counts is

not just due to increases in biomass as cultures grew.

This increase in metabolite diversity could potentially highlight different metabolic

mechanisms aiding populations during community assembly. For example, of the metabolites
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that could be annotated, the majority belonged to families of compounds involved in quorum-
sensing and signaling, particularly observed in Pseudomonas spp. physiology (Figure 4D;
Supplemental Figure 6). The production of these molecules and the ability to rapidly adapt make
pseudomonads successful colonizers and aggressors (Thierbach et al. 2019; Morales-Soto et al.
2018; Heeb et al. 2011; Rainey and Travisano 1998). Lastly, compounds known to have
antagonistic activity were more common in static cultures compared to shaking cultures, like
anisomycin (Grollman 1967; Sobin and Tanner Jr. 1954) or orfamides (Ma et al. 2016; Jang et al.
2013; Gross et al. 2007) (Supplemental Figure 6-7). This observation suggests that structured
habitats afford more opportunity to interact and may select for organisms that use metabolite-
mediated strategies to be successful during community assembly, compared to shaking cultures

where the advantage was most probably due to increased growth rate (e.g. Aeromonas sp.).

We initially hypothesized that structured habitats would have higher microbial richness
as a function of environmental gradients creating diversified niche-availability and would also
have higher richness of metabolites as a function of higher richness of community members. To
investigate this relationship, we performed a Spearman’s correlation on the richness and
evenness of the microbial community and the metabolomes. We observed that metabolite
richness had no significant correlations with microbial alpha diversity measures
(breakaway/microbial richness: r>= -0.02, p= 0.88; microbial evenness: r’= 0.23, p= 0.16,
metabolite evenness : r=-0.04, p = 0.83) (Supplemental Figure 8). This suggests that it may not
the number of organisms in a community that matter for metabolite diversity, but rather who they
are and the strategies they employ during community assembly, like pseudomonads and the fleet

of metabolites they produce, compared to Aeromonas sp., that quickly outgrew other
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populations.

Similar to the microbiome data, some treatments had significant variability in terms of
metabolome (PERMDISP Condition F= 18.44, p = 0.001; Dilution F= 1.04, p= 0.395; Day F=
2.85, p=0.041). However, the effect of those treatments on the structure of the metabolome
varied differently than the structure of the microbiome. First, habitat structure (shaking or static)
produced variable metabolite compositions among samples compared to its effect on the
microbiome, p =0.001 and p=0.281, respectively. Further, the metabolomes from shaking
cultures were more variable (Figure 4A, 4C) compared to the metabolome structure from static
cultures suggesting that the structure afforded by static conditions may affect the metabolome in
a more predictable way, in the context of our starting microbial communities. Secondly, the
metabolomes resulting from each inoculum size did not vary in structure compared the microbial
communities, p= 0.395 and p=0.038, respectively. This could indicate that changes in the
inoculum size may have a stochastic effect on the microbial community (e.g. dispersal) but a
deterministic effect on the metabolome (e.g. frequency-dependent, metabolite-mediated
interactions), such that community assembly is less about predicting the answer to the question
‘who will be there?’, but rather predicting the answer to the question ‘what will they be doing’?
Overall, habitat structure may select for predictable compositions in the microbial community
and the metabolome in structured communities, but the metabolites associated with community

assembly in unstructured habitats can vary.
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Discussion

By manipulating the physical environment of a liquid ecosystem through shaking or static
cultivation, we characterized the microbial community response through changes in microbial
diversity and chemodiverisity. Our data show that (1) habitat structure drives differences in the
metabolome and microbiome, (2) habitat structure selected for more evenness in microbial
communities compared to unstructured environments, (3) structured habitats selected for higher
metabolite richness, and (4) the microbial richness metrics failed to capture the metabolic
capabilities of microbial communities. We show that membership was not the only determinant
of community assembly. Instead, habitat structure plays a significant role in secondary metabolic
processes that drive community assembly. These findings add to efforts seeking to determine
what drives microbial community assembly and how the metabolome can be linked to those

drivers.

Community structure was primarily driven by cultivation condition, suggesting that
selection was driven by the structure of the habitat. Because there is no pattern of change in
structure from day 3 through day 12 (Figure 1), we suggest that cultivation condition has the
greatest selective effect early and benefited those that could grow quickly. Constant mixing of
the shaking cultures reduced any oxygen gradients and potentially selected for fast-growing taxa
that would allocate resources to increase growth rate over costly secondary metabolite
production, which would have a diminished local effect in well-mixed habitats (Dal Co et al.
2020). Growth rate, in this case an organism’s ability to quickly establish abundance, was
perhaps the driver of community difference and an important strategy during community

assembly. The suggestion is supported by the fact that Aeromonas sp. quickly establish
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dominance (Day 3) in shaking cultures compared to static cultures that were more even.
However, this ubiquitous taxon, commonly found in wastewater (Skwor et al. 2020; Figueira et
al. 2011) and gastrointestinal tracts (Janda and Abbott 2010), is a known biofilm producer
(Liébana et al. 2016). Despite the intention to remove structure, the shaking cultures yielded
visible biofilms on the walls of the tubes where medium was washed through shaking
(Supplemental Figure 2). Although we did not identify isolates from the biofilms, one could
expect Aeromonas spp. to be involved in what is probably a multi species-biofilm in these
cultures. Since most microbial populations exist in spatial structure (Tolker-Nielsen and Molin
2000), particularly in biofilms, it follows that populations would seek to establish structure in a
new environment to reap benefits of secreted molecules as cooperative or public goods (Yanni et

al. 2019).

In contrast, static cultures exhibited significant biofilm formation but did not contain
abundant 4eromonas spp. populations (Figure 3). Of the taxa that were significantly associated
with static cultures, Arcobacter spp., Delftia spp., and Pseudomonas spp. were the most
abundant in those cultures. Each of these genera contain members involved in biofilm formation
(Rema et al. 2014; Assanta et al. 2002; Costerton, Stewart, and Greenberg 1999). Further,
Pseudomonas spp. are particularly associated with competitive interactions in structured habitats,
like biofilms (Inglis et al. 2011; Harrison et al. 2008). In well studied systems, like the cystic
fibrosis lung or wound models, interactions between Pseudomonas aeruginosa and
Staphylococcus spp. are largely antagonistic, but when afforded structure by a biofilm
extracellular matrix, populations can co-exist. This type of antagonism will eventually generate

structure in which interactions take place among relatives, rather than competitors, leading to
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coexistence and cooperation (Yanni et al. 2019; Ghoul and Mitri 2016). However, these types of
interactions will be dependent on what Dal Co et al refer to as the ‘interaction range’, or the
spatial range and arrangement between interacting cells (Dal Co et al. 2020). The ability for
diffusible molecules to influence a population will depend on density of cells and the uptake rate
of that molecule (Dal Co et al. 2020). They will work similarly to local killing. The act of a
population outcompeting and establishing itself will create spatial structure (Yanni et al. 2019),
since a molecule acting locally will help generate structure in chemical space (Yanni et al. 2019;
Czéran and Hoekstra 2003) by establishing a gradient. In our experiment, we observed
Pseudomonas sp. to be significantly associated with structured conditions and elicitation of

multiple families of metabolites associated with pseudomonad quorum sensing and signaling.

Overall, cultivation conditions selected for differential abundances of shared taxa
resulting in two biofilm forming communities that either had a dominant taxon (shaking) or a
more even community composition (static), highlighting the growth mechanism of
microorganisms seeking to establish or thriving in structure (Tolker-Nielsen and Molin 2000;
Picketts and Cadenasso 1999) through biomass and/or metabolite production (van der Meij et al.
2017; Traxler and Kolter 2015; Kinkel et al. 2014; Pacala and Levin 1997). In short, spatial
structure will play a key role in community assembly as it both defines the initial constraints by
limiting nutrients or physical space, and adapts as the mechanisms by which microorganisms

proliferate can alter the spatial structure of the habitat.

Differences in community structure were also affected by the size of the starting

inoculum (i.e. dilution). Diluting the inoculum reduced the number of cultivable organisms and
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introduced variability at high dilutions. The effect of decreased inoculum sizes has been
demonstrated in dilution-to-extinction cultivation efforts (Justice et al. 2017). We observed this
in our data where, despite having differences in community structure based on dilution, we
observed significant dispersion within each dilution (PERMDISP). When samples vary
differentially, this could indicate that the cultivation conditions may not be selecting for a single
type of community or taxon through deterministic processes (e.g. interactions or environmental
filtering) where they are acting equally on each dilution, but rather creating stochastic assembly
opportunities, where the establishment of an organism is based on random, non-niche based
chance (Zhou and Ning 2017) introduced through altering the inoculum size. Dilution can vary
the proportions of organisms most suited to be successful which in turn will alter the effect of
deterministic processes during community assembly, like interactions and niche-specific traits. In
short, the success of an organism will be a function of its abundance in the inoculum where both

stochastic and deterministic processes can affect that success.

Though habitat structure did not influence the richness of a microbial community, we did
observe these cultivation conditions to select for a more even community. Evenness has been
implicated in the resilience, stability, and productivity of microbial communities (Haig et al.
2015; Wittebolle et al. 2009). We observed that more even communities had higher richness of
metabolites. Further, competitive interactions have been shown to increase stability by limiting
the inefficient feedback loops created by cooperation (Coyte, Schluter, and Foster 2015;
Oliveira, Niehus, and Foster 2014). It follows that communities in structured environments with
high cell density have more opportunities for competitive interactions mediated by secondary

metabolites, especially when resources become limited.
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Between structured and unstructured habitats, we observed that these communities were
composed of similar populations (richness) but were structurally different (Figure 2B, Figure 1).
Further, we observed structured habitats to select for higher richness of metabolites, but not
higher richness of organisms, highlighting that microbiome-level metrics of richness failed to
capture the metabolic capabilities of a community, particularly those related to interactions and
the production of metabolites. Our assumption that a rich community will also be a productive
community (e.g., interacting via small molecules) assumes that members of a community (1)
possess the ability and strategy of compound production equally and (2) the method of extraction
captures all metabolites equally, but this was not observed. As such, one explanation for the
differences in the metabolome between structured and non-structured habitats was driven by the
bacterial strains for which the conditions are selecting and the method through which the
metabolites were extracted. For example, structured habitats could be selecting for organisms
that use structure and the production of small molecules as an advantage (Raguso et al. 2015;
Davies and Ryan 2012), like Pseudomonas spp. during biofilm production (Bassler and Losick
2006; Venturi 2006). But it is important to acknowledge that non-polar extraction methods, like
ethyl acetate used here, will favor the recovery of less polar molecules, like Pseudomonas spp.
metabolites. In this case, both habitat structure and the type of molecules extracted would
describe differences in the metabolome, rather than an effect driven by the microbial richness of

that community.

Metabolome structure was primarily driven by inoculum size, time, and cultivation

condition (PERMANOVA). Inoculum size had the greatest effect on metabolite composition
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either alone (r> = 0.11) or interacting with cultivation conditions (r> = 0.11) or time (r? =0.23) or
both (r> =0.21). Here, the size of the establishing populations mattered for subsequent metabolite
production and thus the structure of the metabolome is an important factor to consider when
trying to explain drivers and strategies in microbial community assembly. For example,
differences in the composition of the metabolome could be related to strategies for increased
growth rates during community assembly where many of the detected metabolites are by-
products of rapid resource consumption. Alternatively, in the case of our structured habitat data,
the composition of the metabolome had many molecules used during interactions (Figure 4D,
Supplementary Figure 6) and/or had antimicrobial properties (Supplementary Figure 6). This
suggests that biotic interaction played a role during community assembly in structured habitats.
Consider a microbial community as a neighborhood where smaller, shorter range interactions can
govern microbial community dynamics (Dal Co et al. 2020; Ladau and Eloe-Fadrosh 2019;
Oliveira, Niehus, and Foster 2014). The type of interaction can vary (Granato, Meiller-Legrand,
and Foster 2019; Estrela and Brown 2018; Hibbing et al. 2010), but for those mediated by small
diffusible molecules, the effects of those molecules will have greater effect in shorter ranges (Dal
Co et al. 2020; Garcia-Garcera and Rocha 2020; Chao and Levin 1981), something a structured

habitat would provide.
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Conclusion

Merging microbial ecology and chemical ecology perspectives can put into context the
abiotic and biotic drivers of community assembly by combining chemical and molecular
approaches. Here, we showed that community assembly patterns are dependent on habitat
structure, and that a structured environment selected for communities with higher chemical
diversity. Not only do these findings seek to connect the ‘who is there’ and ‘what are they doing’
paradigm of ecology, but also highlights the role cultivation can play in targeting new

metabolisms for natural product discovery.
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Figure 1: Principal Coordinate Analysis of microbial communities using weighted UniFrac

distances. SH refers to shaking cultures, ST refers to static cultures. Shape and 95% confidence

ellipses refer to cultivation condition, color refers to (A) time and (B) inoculum size.
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Supplemental Text

Differences in community structure were primarily driven by inoculum size
(PERMANOVA F=18.97, 12= 0.18, p=0.001; PERMDISP F=0.71, p=0.599). Both cultivation
condition and day significantly contributed to community structure. However, within-group
variance was high and could affect the significance contribution to community structure. Day 0
samples were tightly clustered, indicating high similarity between Day 0 samples, which was
expected (Supplemental Figure 3). Because Day 0 samples represented the starting community
that had not undergone any selection for which we were testing and would thus skew the distance
matrix, they were removed for subsequent analyses. Like the sequence data, Day 0 metabolites
clustered tightly and away from the rest of the data set. Because these metabolites represent what
was in the inoculum before any selection would take place based on our hypothesis, these

samples were removed from subsequent analysis (Supplemental Figure 9).

103



Supplemental Figures
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Supplemental Figure 1: Schematic of experimental setup. Created with BioRender.com.
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static culture (D).
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Supplemental Figure 3: Principal Coordinate Analysis of microbial communities including Day 0
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cultivation condition, color refers to time. SH refers to shaking, ST refers to static.
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Supplemental Figure 5: Taxonomic bar charts at genus level.
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Supplemental Figure 6: Mirror plots for each feature referred to in text. Black is the experimental
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spectrum while green is the database match.
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Supplemental Figure 7: Differential abundances for features matched to anisomycin and
orfamide A for shaking (SH) and static (ST) conditions. Figure generated from Feature-Based

Molecular Networking (GNPS) (Nothias et al. 2020).
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Chapter 4: Impact of Repeated Disturbance of Cultivated Microbial Communities on

Community Composition, Antimicrobial Resistance, and Metabolisms
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Abstract

Disturbance is a common, shared experience of microbial communities. A disturbance will
either alter a community directly such as changing the distribution of its members or indirectly,
such as altering resources of the environment. Either way, populations will seek to re-assemble
post-disturbance, and any fitness advantages could make certain populations more successful.
Some strategies could include increased growth rate or the production of secondary metabolites
that bestow an advantage to the producer. Despite many efforts seeking to characterize microbial
assembly in response to disturbance, few studies have described both the microbial response and
secondary metabolic response to disturbance in cultivated mesocosms. Here, we repeatedly
disturbed a cultivated wastewater community via ten transfers into soft agar matrix over the
course of one month. We sought to determine which taxa were most successful during repeated
disturbance; and to characterize the changes in the metabolome in response to repeated
disturbance, with the prediction that organisms that were both prolific and capable of producing
secondary metabolites would prevail. We observed that disturbance selected for different
community assembly patterns but overall antimicrobial resistant members; we also observed that
changes in the microbial community structure were linked to changes in the metabolome
structure. We observed the presence of certain taxa co-occuring with the presence of certain
metabolites. These data suggest that changes in the microbiome and metabolome are linked as
communities seek to re-assemble in response to disturbance, and that variable outcomes can
result from identical starting conditions. These data also describe potential ecological
mechanisms used by certain populations to proliferate post-disturbance, further characterizing

chemical ecology of microbial communities.
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Introduction

One collective experience of microbial communities is disturbance. A disturbance is an
event that either directly alters a community or changes the environment, indirectly altering the
community. Disturbances can be continuous events (press) or discrete events (pulse) (Bender et
al., 1984). For microbial communities, disturbances can describe the change in environmental
conditions or nutrients (Antonopoulos et al., 2009) or a mixing of spatial arrangements and
distributions of organisms within a community (Shade, Read, et al., 2012). In both, habitat
structure can affect the resiliency of communities to disturbance by partitioning the effects of
disturbance. Resiliency to disturbance starts at the individual level, which determines success at
the population level and eventually the community level (reviewed (Shade, Peter, et al., 2012)).
Disturbance can lead to a variety of outcomes, some of which will depend on the rate of
disturbance (e.g., intermediate disturbance hypothesis) or the traits of community members
(reviewed (Shade, Peter, et al., 2012)). Though microbial ecology has typically studied
disturbance to determine the mechanism of response and predict the outcome (Shade, 2018;
Shade, Peter, et al., 2012), the variability of responses to disturbance should be viewed as an
outcome itself (Fraterrigo & Rusak, 2008). This variability is influenced by the members of the
starting community (e.g., historical contingency) and the responses to disturbance can result in
‘alternative stable states’ (Blaustein & Margalit, 1996; Chase, 2003; Samuels & Drake, 1997),
where compositional outcomes in response to increased disturbance vary under identical
conditions (Belyea & Lancaster, 1999); though the alternative is also true where increased
disturbance can continually select for one compositional outcome (Jiang & Patel, 2008). For a
microbial community, disturbance results in re-assembly; and for researchers, an opportunity to

characterize drivers of microbial community assembly.
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A central goal in microbial ecology is to characterize the drivers of community assembly
(selection, drift, dispersal, and diversification) (Nemergut et al., 2013; Vellend, 2010) across
different systems and in some cases, in response to disturbance (Ferrenberg et al., 2013;
Nemergut et al., 2013). For example, dispersal resulting from disturbance can invoke priority
effects, where the order of arrival will determine success; it can also lead to founder’s effects,
where the success of certain populations is dependent on the success of the previous generation
(Fukami, 2015). Further, selection resulting from disturbance can be abiotic, where
environmental filtering selects for certain groups based on changes in nutrient availability or
habitat structure (Andersen et al., 2013; Hargreaves et al., 2015; Yan et al., 2019). Selection
resulting from disturbance can also be biotic, where members of the community are forced to re-
assemble and interact (Shade, Read, et al., 2012), and in doing so could be forced to either

compete for nutrients and space, or seek out different niches.

Many of these interactions are mediated by secondary metabolites and are used for both
communication and competition (Raguso et al., 2015). Studying microbial interactions of whole
communities relies primarily on interaction networks (Faust et al., 2012; Steele et al., 2011), and
metabolic networks based on primary metabolism (Lawson et al., 2017) and secondary
metabolism (Ali et al., 2020). Interactions also can drive a community’s response to disturbance
(Bissett et al., 2013; Hunt & Ward, 2015). As the tools to characterize the metabolome become
more ubiquitous in microbiome research, studies have started to characterize the response of the
metabolome to disturbance (Antunes et al., 2011; Bowers et al., 2020; Hossain et al., 2019;

MccCall et al., 2018), though fewer studies focus on the response of the metabolome to repeated
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disturbance outside of host-associated systems, and as of this study, none have looked at
cultivated communities and repeated disturbance. Here, we continually disturbed a cultivated
wastewater community via ten transfers into soft agar matrix over the course of one month. Each
transfer represented a successive selection event that builds on previous outcomes (i.e., founder’s
effects). We sought to determine which taxa were most successful during repeated disturbance;
and to characterize the changes in the metabolome in response to repeated disturbance. We
hypothesized that the repeated selection events within a structured habitat would also favor taxa
that could quickly adapt. One potential mechanism would be through the production of
secondary metabolites. Understanding the metabolite changes in response to disturbance can help
determine the mechanisms behind community assembly patterns which long-term lead to the

discovery of new chemical strategies.
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Materials and Methods
Sampling and Experimental Set Up

Wastewater was collected from the aerator basin at the Norman Water Reclamation
Facility, Norman, OK on 4 January 2020, stored on ice, and transported immediately back to the
laboratory (< 30 minutes). The sample (50 mL volume) was homogenized vigorously on a vortex
mixer for ~2 minutes to break up flocks and produce a slurry. A 5.0 mL sample was serially
diluted (1:10) in sterile R2B liquid medium (Reasoner & Geldreich, 1985). Based on
optimization serial diluting and plating experiments, the 1:1000 dilution was used for subsequent
analyses because it generated countable colonies when plated. From the prepared sample, 183 pL
was transferred to bead tubes in triplicate to characterize the starting inoculum prior to setting up
the soft agar plates. These soft agar plates were prepared by using sterile 100 mL petri dishes
filled with 100 mL sterile R2A agar (1.5% agar) as a base. The overlay consisted of 49.375 mL

of soft R2A (0.7%) inoculated with 635 pL of culture for a final volume of 50 mL.

In addition to large petri plates, standard petri dishes were used to make R2A (1.5% agar)
soft agar plates for antibiotic resistance screen. The soft agar overlay was prepared with 3.946
mL R2A (0.7% agar), 50 uL inoculum, and 4 pL of antibiotic or control (sterile water).
Antibiotics used were ampicillin (100 pg/mL), tetracycline (10 pg/mL), ciprofloxacin (10
pg/mL). These antibiotics were chosen based on differential mechanisms of action and
resistance. Ampicillin targets cell wall synthesis (Campoli-richards & Brogden, 1987),
tetracycline targets protein synthesis (Chopra & Roberts, 2001), and ciprofloxacin targets DNA

replication (LeBel, 1988).
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For the initial plate set up, called TO or Transfer zero, 652 uL of the prepared 1073
dilution of wastewater was added to the soft agar tubes, vortexed, and poured onto petri dishes
(n=6). Plates were cultivated at 30°C for three days. After cultivation, three plates were used to
represent the subsequent biological replicates (called lineage A, B or C) while the remaining

three were used for colony picking.

After cultivation, one plate from each lineage (A, B, C) was broken down for
propagation. To do this, the soft agar layer was sterilely scraped into chemically clean glassware.
A volume of 100 mL of sterile R2B liquid medium was added to the soft agar to aid in
homogenization. A steel wood boring bit was flame sterilized and a drill was used to homogenize
each sample. From each sample (A B, and C), triplicate 750 pL aliquots were taken for 16S
rRNA gene sequencing. A volume of 300 pL of the homogenized sample was diluted 1:1000.
From each diluted sample, duplicate 500 pL aliquots were transferred to 500 uL 40% glycerol
for storage at -80°C, and duplicate 625 pL aliquots were taken to be used as the inoculum for the
subsequent overlay, as described above for the initial overlay. This generated two large petri
plates for each A, B, or C lineage. The remaining plate served as a backup if needed. Lastly, a
volume of 250 pL was taken from each diluted sample, pooled to a final volume of 750 pL, and
further serially diluted 1:10 in sterile R2B medium. Each dilution was plated in a soft agar
overlay in triplicate containing each antibiotic or control, described above. Plates were incubated
at 30°C and colonies were counted at 24h, 48h, 72h, and 96h. Colony forming units were
calculated for each time point and antibiotic or control. Lastly, once CFUs were calculated,
colonies were picked for isolation by using a sterile toothpick to transfer each colony to a deep

96 well plate containing 800 puL of sterile R2B medium and incubated for 3 days at 30°C. After
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incubation 500 pL of sterile 40% glycerol was added to each well and isolates were stored at -

80°C.

Once 16S rRNA gene sequencing samples and the aliquot for propagation and the
antibiotic screen were collected, the remaining homogenized sample was extracted for metabolite
analysis. An overnight organic extraction was performed by adding 100 mL of 100% ethyl

acetate to the sample. See Supplemental Figure 1 for a visualization of overall experiment set-up.

Controls for cultivation included a large, uninoculated soft agar plate per transfer to
check for contamination of the medium. In addition to kit reagent controls, sequencing controls
consisted of one large, uninoculated soft agar plate collected and processed as described above.
Controls for metabolomics consisted of glassware extraction blanks, one large, uninoculated soft
agar plate for medium blank, methanol control and ethyl acetate control. Controls for the
antibiotic screen consisted of uninoculated, soft agar overlays for each antibiotic and negative

control (sterile water) per transfer.

DNA Extraction and Sequencing

Before DNA extraction, each sample was thawed on ice and homogenized for 30 seconds
at maximum speed using a bead beat for 45 seconds using a hand-held reciprocating saw. DNA
was extracted according to manufacturer specifications using the Zymo Quick-DNA
Fungal/Bacterial Miniprep kit (Cat# D6005, Zymo Research Corp., Irvine, CA). Samples were
stored at -20°C until all samples could be extracted at once. For community characterization, a

conserved region of the SSU rRNA gene of most bacteria, archaea, and eukarya was amplified
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using primers 515F-Y and 926R (Parada et al., 2015) via the following PCR protocol: initial
denaturation at 94°C for 2 min, followed by 30 cycles of denaturation at 94°C for 45 s, annealing
at 50°C for 45 s, and extension at 68°C for 90 s, with a final extension at 68°C for 5 min. These
primers produced two amplicons, a ~400 bp fragment for bacteria and archaea, and a 600 bp

fragment for eukaryotes. The forward primer 515F-Y (5’-GTA AAA CGA CGG CCA G CCG

TGY CAG CMG CCG CGG TAA-3’) contains the M 13 tag (underlined) fused to the 5’ end of
the forward primer (Kraus et al., 2018). The reverse primer 926R (5’-CCG YCA ATT YMT
TTR AGT TT-3") was unmodified from Parada et. al 2015. Each PCR contained 5 PRIME HOT
master mix (1X; 5 PRIME Inc., Gaithersburg, MD), 0.2 uM of each primer, and 3.0 pL of
extracted DNA at a final volume of 50 pL. The amplified fragments were purified using Sera-
Mag magnetic beads (GE) with the AmPureXP (Beckman Coulter) protocol at a final
concentration of 1.8x v/v. After purification, 3 pL of each PCR product, 1x 5 PRIME HOT
master mix (Quantabio, Massachusetts, USA), 0.2uM of the 926R primer, and 0.2 uM of a
specific 12 bp oligonucleotide was used in a separate barcoding PCR (6 cycles) in 50 uL
reactions to attach a unique barcode to amplicons of each library. The same thermocycler
protocol was used as above but only run for 6 cycles. The now barcoded amplicons were purified
using Sera-Mag (GE) beads with the AmPureXP (Beckman Coulter) protocol to a final volume
of 40 pL, quantified using the QuBit HS DS DNA assay kit (Thermo Fisher Scientific Inc.,
Waltham, MA), and pooled in equimolar amounts. The pooled, barcoded amplicon libraries were
then concentrated to a final volume of 100 pL (16.6 ng/ uL) with an Amicon-Ultra filter
(Millipore, Burlington, MA, USA) following manufacturer’s protocol. The combined amplicon

libraries were denatured according to Miseq library preparations protocol (Illumina, San Diego,
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CA, USA). The sample was loaded at a concentration of 10 pM and sequenced using 2x250

paired-end strategy on the Miseq (Illumina San Diego, CA, USA) platform for 251 cycles.

Organic Extractions for LCMS/MS

After overnight ethyl acetate extractions, the organic layer was transferred to round-
bottom flasks and evaporated on a Heidolph Hei-Vap Value (Heidolph) rotovap. Samples were
resuspended in 100% methanol and transferred to pre-weighed scintillation vials. Samples were
dried under nitrogen gas and weighed for final yield (mg). For this experiment, all beakers were
brand-new from the same lot, rinsed with 100 % methanol prior to use, and one beaker was
incubated overnight with 103 mL of ethyl acetate to generate a glassware blank to attribute any
features in the metabolomics data to glassware alone. Once samples were dry, they were stored

at -80°C until experiment was complete.

After all metabolite samples were dried and stored at -80°C, each sample was
resuspended to a final concentration of 11 mg/mL in 100% isopropanol containing 0.1 pM of
sulfadimethoxine as an internal standard. A volume of 100 puL of each sample was transferred to
a LCMS/MS 96-well plate and stored at -80°C until it was run on the instrument. In addition to
the internal control, a pooled sample control containing 2 pL of every sample and a 100%
isopropanol with internal standard were also prepared. Lastly, 100% methanol blanks were run

between each experimental sample.

HPLC-ESI Mass Spectrometry

HPLC separation of the samples (5pL injection volume at 11 mg/mL) was performed on
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an Agilent 1290 HPLC system with a Waters ACQUITY UPLC BEH column (ODS-18; 2.1 x
100 mm; 1.7 pm particle size). Mobile phase A was comprised of 0.1% formic acid in Optima
LC/MS water (Fisher), while mobile phase B was comprised of 0.1% formic acid in 100%
HPLC-grade acetonitrile. A binary gradient at 0.4 mL/min flow rate was used under the
following steps: 90% solvent A and 10% solvent B from 0 to 1 min, linear gradient to 20%
solvent B from 1-2 min, linear gradient to 80% solvent B from 2-16 min, linear gradient to 100%
solvent B from 16-18 min, and 100% solvent B from 20 — 21 min, which was maintained for an
additional 2 min before the next sample injection. The resulting eluent from the HPLC column
was run on an Agilent 6545 accurate mass Q-TOF mass spectrometer with an electrospray
ionization source operating in the positive mode. Nitrogen was used as a nebulizing gas (40
Ibs/in?) and as a drying gas (325 °C; 10 L/min flow rate)(Bartley et al., 2013). Fragmentor
voltage was 180 V, skimmer voltage was 45 V, and capillary voltage was 4,000 V. Untargeted
MS/MS was used with mass-dependent collision energy ramp from 20-35 V using UHP
Nitrogen. Data was collected with Mass Hunter Acquisition software (B.08.00) and analyzed

with Mass Hunter Quantitative Analysis software (B.06.00).

ASYV Detection

Barcodes from raw SSU rRNA amplicon sequences were trimmed and sequences were
dereplicated using cutadapt v 3.0 (M. Martin, 2011). Demultiplexed reads were quality filtered,
forward and reverse reads were merged (~372 bp) and amplicon sequence variants (ASVs) were
inferred as a part of the dada? pipeline (Callahan et al., 2017). Taxonomy was assigned using the
SILVA database v32 (Quast et al., 2013; Yilmaz et al., 2014). Contaminants were removed via

the r package decontam v. 1.10 using the frequency- and prevalence-based filtering with a
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threshold of 0.5 (Davis et al., 2017). The final, experimental dataset consisted of ~1.2 million
reads resulting in 484 ASVs with an average of 12368 reads per samples (min = 2860, max =

34441).

Tree Building and Community Analysis

Sequences were aligned using the r package DECIPHER v 2.0 (Wright, 2015, 2016) and
the r package phangorn v2.5.5 (Schliep, 2011) was used to first construct a neighbor-joining tree
to use as the starting point for a GTR+G+I maximum likelihood tree. Community analysis was
done using environments created from the r package phyloseq v1.26.1 (McMurdie & Holmes,

2013).

Shannon’s Index was used to describe alpha diversity. Bray-Curtis distances were used to
calculate beta diversity and ordinated using Principal Coordinate Analysis (PCoA) and drawn
with 95% confidence ellipses. Statistical comparisons between lineages and transfers were done
using PERMANOVA with the adonis function in the vegan package (~ Lineage* Transfer)
(Oksanen et al., 2019). To fully understand the significance described in the PERMANOVA, a
PERMDISP with the betadisper function in vegan was used to describe any within-sample
variance (i.e., across replicates) that could explain any significant differences detected in the
PERMANOVA (Oksanen et al., 2019). Hypothesis testing via ANOVA with permutations
(n=999) was used with PERMDISP to determine any significant differences in variation within

samples.
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To characterize microbial community dynamics over time and between lineages, the r
package corncob (B. D. Martin et al., 2020) was used to characterize significant changes in
abundance and variability of dominant taxa using count regression using the beta binomial
distribution and corrected for false discovery rates. To investigate changes in relative abundance
for the significant and dominate genera, a model was constructed using the formula ~Lineage +
Transfer + Lineage: Transfer and compared to a null (~1) using a parametric bootstrapped

(n=1000) Likelihood Ratio Test to determine if transfer and lineage affected taxon abundance.

To characterize the resistance of cultivated communities, colony forming units (CFUs)
were calculated using the following formula (CFU/mL = (number of colonies/ (volume plated
(mL)) * (dilution)). A nonlinear regression was used to describe the changes in CFUs over time
via PRISM v9 (GraphPad Software, San Diego, California USA). Next, antibiotic plate CFUs
were normalized to the untreated plate CFUs to generate a ratio where the untreated plates equals
1. A Wilcoxon test was used to compare the mean ratio of each antibiotic plate to a hypothetical
median of 1 that represents the non-treated plate in PRISM v9 (GraphPad Software, San Diego,

California USA).

Molecular Networking and Spectral Library Search in GNPS

Raw data obtained from the LCMS/MS instrument was converted to .mzXML files using
msConvert within ProteoWizard v3 (Chambers et al., 2012). The mass spectrometry data were
first processed with MZmine2 v2.51 (Pluskal et al., 2010). Peaks were identified (MS1 noise

cutoff: 1.0E2, MS2 noise cutoff: 1.0E1). Chromatograms were built under the following criteria
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using the ADAP chromatogram builder (Myers et al., 2017): MS1 scans; Minimum Group
Number: 5; Group Intensity: 2.0E2; Minimum High Intensity: 1.0E3; m/z tolerance: 0.02 m/z or
0.0 ppm. Deconvolution was achieved through the following parameters via the local minimum
algorithm: Chromatographic Threshold: 5.0%; search minimum in RT range: 0.4 min; Minimum
Relative Height: 5.0%; Minimum Absolute Height: 2.0E3; Minimum Ratio Peak Top/Edge: 1;
Duration: 0.01-3.50 min; Algorithm: Median; m/z MS2: 0.01Da; RT Range: 0.2 min. Isotopes
were grouped under the following criteria: m/z total: 0.02; RT total: 0.10 min; Maximum charge:
3; Representative Isotope: Max Intensity. The feature table was constructed with using the
following alignment parameters: m/z tolerance: 0.02 m/z or 200 ppm; Weight for m/z: 75; RT
tolerance: 0.1 min; Weight for RT: 25 and filtered using the following criteria: Min peaks in per
row : 3; Keep only peaks with MS2: yes. Poor peaks were removed from the peak list (long tails
or plateaus) and any feature found in a blank (methanol, glassware, or isopropanol) was removed
from the feature table. Results were exported to GNPS (Wang et al., 2017), for feature based

molecular networking (FBMN) analysis (Nothias et al., 2020).

In GNPS the data were analyzed using FBMN workflow (Nothias et al., 2020). The data
were filtered by removing all MS/MS fragment ions within +/- 17 Da of the precursor m/z.
MS/MS spectra were filtered by choosing the top 6 fragment ions in the +/- 50 Da window. The
precursor ion mass tolerance was set to 0.02 Da and the MS/MS fragment ion tolerance to 0.02
Da. A molecular network was created with edges filtered via cosine score > 0.7 and > 4 matched
peaks. Also, edges between nodes were kept only if each of the nodes appeared in each other’s
respective top 10 most similar nodes. Finally, the maximum size of a molecular family was set to

100. The analogue search mode searched against MS/MS spectra with a maximum difference of
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100 Da in the precursor ion value. The library spectra were filtered as the input data was filtered,

as discussed above, cosine score above 0.7 and at least 4 matched peaks.

Data Deposition and Job Accessibility
Sequence data has been deposited at NCBI’s Sequence Read Archive (SRA) database

under accession number PRJNA737136.

The mass spectrometry data were deposited on MassIVE (MSV000086507). The
molecular networking job can be publicly accessed at

https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=7910db94 1bf74d4592982044399dc49.

Metabolomics Data Analysis and Hypothesis Testing

Principal Coordinate Analysis using Bray-Curtis distances calculated from total ion
current (TIC)-normalized feature table was used to visualize the composition of metabolites
using the r package phyloseq v1.26.1 (McMurdie and Holmes 2013). The molecular networks
were visualized using Cytoscape software v3.8.1 (Shannon et al., 2003). To test for differences, a
PERMANOVA and PERMDISP was used (as described above) to characterize differences
between metabolite composition among samples. A chi-square test was used to determine if the
proportions of shared and unique metabolites between lineages was significant. Features were
normalized to total ion current (TIC). Richness (observed) and Shannon’s Index was also used to
describe feature alpha diversity. NPclassifier (https://npclassifier.ucsd.edu/ ) was used to group
analog annotated features in molecular superclass groups with relevant natural product

nomenclature (Kim et al., 2020) and the abundance of all features in each superclass were
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summed to generate the total abundance. A heatmap was used visualized difference in total

abundance in PRISM v9 (GraphPad Software, San Diego, California USA).

Microbiome Metabolome Comparisons

A Procrustes rotational analysis using r packages ade4 (Dray & Dufour, 2007) and vegan
(Oksanen et al., 2019) was used to determine if the metabolome and the microbiome beta
diversity changed similarly. To compare ASV and metabolite co-occurrences, mmvec (Bolyen
et al., 2019; Morton et al., 2019) via giime2 plug-in (Bolyen et al., 2019) was used to generate
co-occurrence probabilities via neural networks following default parameters. The mmvec
algorithm produces conditional probabilities (not correlations), because of this, negative values

represent lower probability rather than an anti-correlation.
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Results

Disturbance Resulted in Diverging Community Structures

Three replicate cultivation linages resulted in three distinct community assembly patterns,
where differences in community structure were driven by both transfer and lineage. Early
transfers from all lineages initially clustered together, indicating similarity in the starting
inoculum, but linaeges A and C eventually became more different from each other with later
transfers (Figure 1A). PERMANOVA indicated that much of the variation can be explained by
transfer (p < 0.001, r> = 0.42), lineage (p< 0.001, r> = 0.27), or interactions between lineage and
transfers (lineage*transfers, p < 0.001, r> = 0.21). Considering the effect dispersion could have
on differences observed between communities, a PERMDISP was used to see if any significant
effect was related to within-group dispersion, rather than between group differences. There was
no significant dispersion within-groups when considering transfers (p = 0.656) indicating that
changes in community structure among samples followed predictable trends in response to
disturbance. In contrast, the dispersion within lineage groups did significantly differ (p= 0.028)
and was not predictable, which is highlighted by the different compositional changes that
occurred in each lineage over time (Figure 1B). To address the effect lineage had on beta
diversity variability, each lineage was treated as a separate community and beta-diversity was
recalculated using Bray-Curtis distance (Figure 1C). Plotting the primary axis of the Bray-Curtis
distance matrix against alpha diversity, we observed that beta diversity for lineage A converged
rapidly with later transfers remaining very similar. In contrast, the beta diversity of lineage B
changed along the gradient that follows transfers, highlighting the gradual changes observed in

Figure 1B. Lastly, the changes in beta diversity for lineage C also followed the transfer gradient
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but mid-late transfers began to cluster together, as observed in the Figure 1B. In all cases

(lineages A, B, and C), alpha diversity decreased with increasing transfers (see Figure 1D).

Disturbance Resulted in Different Community Compositions

Each lineage followed a different community assembly pattern in response to continued
disturbance (Figure 1B) that altered alpha diversity of each community over time (Figure 1C,
Figure 1D). Overall, Chryseobacterium sp. was most dominant in early communities, while
Klebsiella sp. became more dominant in later transfers. However, there were differences in how
relative abundance changed over time. This resulted in two different outcomes, one where
Klebsiella sp. eventually became dominant by T10 (lineages A and B), and one were Klebsiella
sp. and Chryseobacterium sp. coexisted (lineage C) (Figure 1B). A differential analysis was used
to determine which genera increased in relative abundance significantly with transfers by
controlling for the effects both transfers and lineage could have on the abundance and dispersion.
Multiple genera were associated with increases over transfers (Supplemental Figure 2). Here, we
present five taxa that are members of the dominant genera (Figure 1B) and were significantly
associated with changes in abundance over time and between transfers (Likelihood Ratio Test: p
< 0.05): Acinetobacter sp., Pseudomonas sp., Chryseobacterium sp., an Enterobacteriaceae
species, and Klebsiella sp. (Figure 2).

Specifically, the relative abundance of Klebsiella sp. increased rapidly in lineage A
remaining stable in higher abundance, gradually in lineage B, and slightly in lineage C
eventually becoming stable. In contrast, the relative abundance of Chryseobacterium sp. and the
Enterobacteriaceae species decreased rapidly in lineage A, and decreased gradually in lineage B.

Further, Chryseobacterium sp. represented a constant ~45-50% of the composition in lineage C
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(similar to Klebsiella sp.). Lastly, the relative abundance of Pseudomonas sp. increased in
lineage A only and decreased in lineages B and C; and the relative abundance of Acinetobacter

sp. increased only in lineage C (Figure 2).

Populations That Could Successfully Colonize Were Also Resistant to Antimicrobials

One strategy that can make microorganisms more competitive is the production of
antimicrobials and resistance to antimicrobials. To characterize the resistance profile of the
resulting microbial communities, we pooled a subsample from lineages A, B and C, and plated it
on agar plates containing different antibiotics. Despite not selecting for antimicrobial resistance
during cultivation, we observed that the frequency of resistant organisms increased with
successive transfers. First, a nonlinear regression showed that CFUs for each condition
increased over time by comparing the slope to a null slope via a Likelihood Ratio Test (p <
0.0001) (Figure 3). As expected, we observed that the number of CFUs from plates containing
antibiotics were significantly less than CFUs from plates with no antibiotics (Wilcoxon: W = -
66, p <0.001) (Figure 3), but the proportion of resistance CFUs increased with each transfer in
all treatments except for ciprofloxacin. Lastly, we observed the highest levels of resistance
among cultivated communities were to ampicillin and tetracycline compared to ciprofloxacin.

Overall, we observed that repeated disturbance selected for antimicrobial resistant organisms.

Differences in the Metabolome Were Driven by Both Transfer and Lineage
Similar to the microbiome, the structure of the metabolome was different between lineages
and with each transfer (Figure 4A), though richness was similar between lineages (Supplemental

Figure 4). A Principal Coordinate Analysis showed that samples clustered with their own lineage
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after transfer 0. Within those clusters, there was separation based on transfer (Figure 2A).
PERMANOVA indicated that these compositional differences were driven by lineage (p = 0.001,
12 = 0.18), transfer (p = 0.001, r> = 0.45), and interactions between the two (p = 0.001, r’>= 0.33).
Despite significant differences in the compositional structure between transfers, samples did
exhibit significant with-in group dispersion (p = 0.001), which could explain observed
significance in the PERMANOVA, and indicates that the composition of the metabolome
changed differently over time between lineages. Samples did not have significant dispersion
when considering lineage (p= 0.184). This is not surprising as many more metabolites were
shared between lineages, compared to metabolites unique to each lineage (chi-sq = 6.7, p=0.04)
(Figure 4B), although the proportion of shared metabolites decreased over time (Supplemental
Figure 5). The difference in metabolome structure and the decrease in shared metabolites could
indicate that despite having many shared taxa, metabolic strategies and responses can differ.

After features were categorized into relevant natural product superclasses, some groups were
more ubiquitous across lineage and transfers than others (Figure 4C). Pseudoalkaloids were the
most abundant annotated superclass and observed in each lineage across transfers. Some
superclasses were only abundant in later transfers for each lineage, like macrolides (a class of
antibiotics). Lastly, some superclasses were more abundant in certain lineages, like

monoterpenoids in lineage C.

Metabolomics Can Help Describe Potential Mechanisms of Microbial Community
Response to Disturbance
We expected the structure of the microbial community to change in response to disturbance

as members sought to re-assemble, but we also wanted to know if the metabolome changed in a
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similar way. A Procrustes analysis showed that the structure of the metabolome was significantly
correlated to the structure of the microbiome (r? = 0.45, p = 0.001) (Figure 5). Further, co-
occurrence analysis via mmvec characterized differential patterns of co-occurrence between

ASVs and metabolites (Supplemental Figures 6-8).

For lineage A, the most abundant genus co-occured with certain natural product super classes
like nucleosides and pseudoalkaloids (log conditional probability > 0) (Supplemental Figure 6).
For lineage B, members of Enterobacteriaceae, Klebsiella spp. and some Chryseobacterium spp.
were associated with many natural product super classes, like nucleosides, cyclic polyketides, or
monoterpenoids (log conditional probability > 0) (Supplemental Figure 7). Lastly, some
Chryseobacterium spp. and Klebsiella spp. were observed to co-occur with monoterpenoids,
nucleosides, pseudoalkaloids in lineage C (log conditional probability > 0) (Supplemental Figure
8). These co-occurrence patterns coupled with the significant Procrustes analysis (Figure 5) show
that the microbial community structure and metabolome structure changed similarly, and those
certain taxa can be linked to the presence of certain superclasses of natural products. If certain
taxa are observed to significantly change in response to disturbance and the metabolome changes
in a similar way, it follows that those organisms are driving the secondary metabolic responses

observed in the community.
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Discussion

We sought to explore changes in microbial and chemical diversity by combining approaches
that used habitat structure to elicit the production of secondary metabolites, and perturbations to
characterize community assembly patterns. Overall, we observed that not all outcomes of
community composition were predictable in response to disturbance; we also observed that
changes in the microbial community structure were linked to changes in the metabolome.
Specifically, we were able to (1) characterize three patterns of microbial community assembly,
(2) identify the most successful taxa and characterize their antimicrobial resistance, and (3)
describe changes in the metabolome of each community in response to continued disturbance.
These data highlight the relationship between a microbial community and their chemical
environment through the production of secondary metabolites as populations undergo successive

selection events (i.e. disturbance).

Three patterns of community assembly emerged through successive transfers, highlighting
that not all outcomes of community assembly were predictable. Through a combination of
founder’s effects and selection for taxa which can proliferate more successfully, we observed
taxa with more generalist strategies to be more be more successful (i.e., win). As we generated
founder’s effects via repeated transfers, diversity decreased. These founder’s effects constrained
the populations that underwent selection resulting in three distinct microbial community
assembly patterns. In two outcomes, Klebsiella sp. became the dominant taxa, potentially
through competitive exclusion. First, K/ebsiella sp. become abundant very quickly in lineage A,
and more gradually in lineage B. A third outcome resulted in the coexistence of Klebsiella sp.

and Chryseobacterium sp. However, determining the mechanisms behind the community
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assembly patterns is notoriously complex, and the different ways populations could respond to
disturbance introduces variability in outcomes of community assembly. In the case of lineage C,
the structured environment’s ability to contain otherwise rapid growth while also partitioning
resources and potential antimicrobial secondary metabolites may have allowed for coexistence
and variability which we observed the in the community assembly patterns (Geyrhofer &
Brenner, 2020; Amarasekare, 2003). Lastly, by taking a subsample of the community, mixing it,
and allowing it to grow in a structured environment, we allowed populations to build upon the
reproductive success from previous transfers (e.g. community-level historical contingency).
Though this was not explicitly tested, we anticipate that the increase in relative abundance is also
related to the size of the inoculum and its ability to capture the total diversity of the community
(see Supplemental Figure 3 for sequence count abundance), similar to a species-area relationship
(Green & Ostling, 2003). In this case, it is challenging to separate increases in abundance from a
population’s resiliency in response to disturbance and the effect of dispersal (i.e. founder’s
effects) on the transfers. Overall, specific dynamics of community assembly were unpredictable,
but the general trend of the same organisms being successful colonizers were shared among

lineages.

We sought to explore the potential mechanism through which an organism is a successful
colonizer, particularly in response to repeated disturbance. Our data showed the ability for taxa
in smaller populations in wastewater to quickly become abundant and dominant during
cultivation. This suggests two things (1) that both Klebsiella sp. and Chryseobacterium sp. can
quickly establish growth after each transfer, and (2) are more resilient to disturbance, in this case

intermittent mixing. In each case, these attributes make them good pioneer taxa. One mechanism
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to explain the high relative abundance of Klebsiella sp. is competitive exclusion. Competitive
exclusion describes the idea that two organisms cannot overlap in niche space unless something
relieves that selection pressure by partitioning resources (Hardin, 1960). This can be achieved
over time through natural selection or by phenotypic plasticity of certain populations (Rainey &
Travisano, 1998). In the case of lineages A and B, we observed Klebsiella sp. to significantly
increase over time and become abundant by the final transfers, making them consistently
successful during community assembly in structured habitats. This is not surprising as they are
adept nosocomial, antimicrobial resistant, opportunistic pathogens (Podschun & Ullmann, 1998;
Wyres & Holt, 2018). Hallmarks of many opportunistic pathogens are their generalist tendencies
and their phenotypic plasticity (Brown et al., 2012), and organisms with these capabilities are
often selected for in response to disturbances (Atlas et al., 1991). We suggest that competitive
exclusion driven by potential phenotypic plasticity of Klebsiella sp. and its antimicrobial
resistance allowed for its dominant relative abundance (van Dorp et al., 2019; Paczosa &
Mecsas, 2016). As such, Klebsiella sp. is well suited to outcompete others for resources,
particularly if those mechanisms (e.g., growth rate) can adapt quickly, compared to costly and
timely production of antimicrobial compounds.

Second, we observed the frequency of resistant organisms to increase after each transfer,
where disturbance selected for antimicrobial resistant organisms. The mechanisms of microbial
warfare include both weapons and armor. Weapons could be bactericidal compounds and
antagonist behavior like increased nutrient uptake or acidification of the medium. Alternatively,
armor would be mechanisms of antimicrobial resistance (e.g. beta-lactamases). Both offensive or
defensive strategies describe forms of interference competition or exploitative competition,

respectively (Ghoul & Mitri, 2016). As a community undergoes repeated disturbances, those
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organisms that produce an advantage, perhaps through competitive interactions, will be the most
successful. In this case, both Klebsiella spp. and Chryseobacterium spp. are known to be highly
resistant to antibiotics (Hayward et al., 2020; Verner-Jeffreys et al., 2017: Podschun & Ullmann,
1998) and resistance to antimicrobial compounds could represent a fitness advantage as
populations seek to assemble post-disturbance (i.e. transfer).

Interestingly, the increase in resistance was observed only for ampicillin and tetracycline, but
not ciprofloxacin. Both ampicillin and tetracycline are derived from microbial sources (Campoli-
richards & Brogden, 1987; Chopra & Roberts, 2001; respectively), while ciprofloxacin is a
synthetic drug (LeBel, 1988). One explanation for this could be that resistance in populations has
been selected for through interactions mediated by the natural analogs of these compounds.
Further, wastewater is known to harbor microbial communities with extensive antimicrobial
resistance (Bouki et al., 2013) as well as populations of antimicrobial producers (Bensultana et
al., 2010), suggesting that the populations that were able to proliferate in our cultivated
mesocosms, could have already undergone selection for resistance which would provide an
advantage if a competing organism were to use these compounds as a combative strategy. We
suggest that since ciprofloxacin would not be produced as a competitive advantage, it would not
apply an equal selective force on a population compared to ampicillin or tetracycline. The
mechanisms of resistance to each of these antimicrobials can also explain the prevalence of
resistance. The prevalence of resistance to ampicillin was not surprising. Our cultivation
conditions selected for members of family Enterobacteriaceae which express beta-lactamase
genes, making them resistance to beta-lactam drugs, like ampicillin. Not only are these members
of this family known to express these genes, but the genes themselves have been shown to

disseminate through horizontal gene transfer and be expressed in many, diverse populations
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(reviewed in von Wintersdorff et al., 2016). Resistance to tetracycline differs in mechanisms of
resistance (e.g. efflux proteins or ribosomal protection), but is mobilized on genetic elements
(e.g. plasmids), similar to beta-lactamases (Grossman, 2016; Roberts, 1996). Resistance to
tetracycline is also observed in similar organisms resistant to beta-lactam drugs (Grossman,
2016) and wastewater communities (Adesoji et al., 2015; Auerbach et al., 2007). Considering the
widespread use of antibiotics (Ventola, 2015) and the resistance observed in wastewater
communities, the selection for resistance observed here could play a role in fitness advantage

during colonization and in response to disturbance.

Another mechanism for taxa to be successful colonizers is the production of secondary
metabolites that give a fitness advantage to the producer. We observed some metabolites to co-
occur with certain taxa. For example, Chryseobacterium sp. are known producers of terpenoids
(Jia et al., 2019; Rudolf et al., 2021), molecules that have antibacterial activity (e.g. inhibition of
biofilm formation) (Mahizan et al., 2019). We observed that communities with monoterpenoids,
were also communities with high abundances of Chryseobacterium sp (Figure 4C). We can
hypothesize that the production of terpenoids may decrease the growth of Klebsiella sp., a known
biofilm producer (Dumaru et al., 2019; Stewart et al., 1997), and result in coexistence between
the two organisms in a structured environment. This hypothesis could be tested using isolates
and bioactivity assays, something this study did not set out to do, but gives rationale to do so.
Also, Klebsiella sp. and the natural product superclass of metabolites, nucleosides, were
observed in each lineage and observed to co-occur (Supplemental Figures 6-8). Nucleosides are
proposed to have antimicrobial activity and the specific metabolite identified here,

methylthioadenosine (Supplemental Figure 9), has been observed in Klebsiella sp. methionine
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salvage pathways (Sekowska et al., 2019; Parveen & Cornell, 2012; Riscoe et al., 1988). In both

examples, the secondary metabolites could indicate mechanisms that increased fitness.

Disturbance or perturbation is a common phenomenon encountered by microbial
communities and can be a maintainer of ecosystem diversity (e.g. intermediate disturbance
hypothesis) (Buckling et al., 2000; Santillan et al., 2019; Connell, 1978). In this case, we
exposed communities to a fixed rate of disturbance using transfers and found that diversity
initially decreased, though this decrease will also be initially confounded with the added
selection pressure when going from a wastewater system to a cultivated mesocosm, a disturbance
itself. Here, we observed different, distinct patterns of compositional changes over time, where
changes in the microbiome and metabolome were correlated (Figure 5). This indicates that while
each lineage began to stabilize, either through competitive exclusion (lineage A and B) or co-
existence (lineage C), the metabolic response to disturbance is linked to the changes in the
diversity of the microbiome. The patterns in both the microbial data and the metabolome data
highlight the complexity of community assembly and metabolic responses, both to changes in the
environment and the interactions among the members of a community. We observed certain taxa
to ‘win’ and can hypothesize about the potential mechanisms driving community dynamics,
showing that sequencing data fails to capture the complexity of a system. As microbial ecology
merges with chemical ecology, using tools that capture total microbial diversity and chemical
diversity describe the untold stories from which hypotheses can be generated and tested. This
study adds to the current efforts to describe the chemical response to microbial community

assembly.
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Figure 1: Microbial community dynamics. (A) Principal Coordinate Analysis using Bray-Curtis
distance. Shape and 95% confidence ellipses refer to lineage, color refers to transfer. (B)
Relative abundance of genera over time for each lineage. (C) Relationship between alpha and
beta diversity for each lineage. Color refers to lineage. (D) Alpha diversity of the microbial
community measured in Shannon’s index (mean with standard deviation). Data fit with a loess

regression line and grey area indicates 0.95 confidence intervals.
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Supplemental Figure 1: Experimental design schematic showing transfer and example
breakdown using one biological replicate (lineage A). Blue boxes are major steps, red boxes are

types of data generated. Created with Biorender.com.
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Supplemental Figure 6: mmvec heatmap of lineage A describing conditional probabilities of
metabolite and microorganism co-occurrence. Dendrogram on the y axis clusters ASVs, colored
by genera. Dendrogram on the x axis clusters metabolite features, colored by NPClassifier
superclass; colored spheres are callouts. Red corresponds to high co-occurrence probabilities,

while blue correspond to lower co-occurrence (not anti-correlation).
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Supplemental Figure 8: mmvec heatmap of lineage C describing conditional probabilities of
metabolite and microorganism co-occurrence. Dendrogram on the y axis clusters ASVs, colored
by genera. Dendrogram on the x axis clusters metabolite features, colored by NPClassifier
superclass; colored spheres are callouts. Red corresponds to high co-occurrence probabilities,

while blue correspond to lower co-occurrence (not anti-correlation).
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Supplemental Figure 9: Mirror plot of nucleoside feature identification. Black is experimental

MS?2 spectrum, green is analog library MS2 spectrum.
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