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Abstract
Technological advances have promoted the identification of microbial community
compositions, but the underlying assembly mechanisms and rules governing successions
remain poorly studied and understood. Previous studies tend to focus on bottom-up
processes, but the focus on bottom-up selection pressures leaves much of the community
variance unaccounted for. The inclusion of other processes, like top-down controls (e.g.
predation), and identifying the relative influence of bottom-up and top-down
mechanisms, may help close the gap and provide improved insight into previously
unexplained variance. Leading to increased understanding of the rules governing
community assembly and better succession outcome predictions. This study utilised a
marine biofilm as an in situ model system to test and compare the effects of bottom-up
(substrate type) and top-down (predation) selective pressures on community assembly
over time. Different substrates were chosen based on surface properties (i.e. more
degradable [wood] vs inert [plastic, tile, glass] at the times scales measured). Community
development was monitored with 16S and 18S rRNA gene amplicon sequencing. Biofilm
development occurred in two stages based on compositional differences: an unstable
early, and stable late stage. Substrate differences shaped the establishment and early
succession of the microbiome, while the influence of predation decreased substrate
dependent differences and lead to distinct late successional compositions. Autotrophs :
heterotroph : mixotroph ratios reflected the selective pressures influence best. Early
wood communities contained 9-50% more mixotrophic Proteobacteria and Euglenozoa
compared to inert substrates, which instead showed twice the abundance of autotrophic
Cyanobacteria and Ochrophyta. Late non-enclosed (predated) biofilms contained 50%
more autotrophs, with corresponding mixotroph and heterotroph decreases, compared
to their enclosed counterparts. Additionally, enclosure status clustered with a correlation
of > 18.9% within both early and established communities. The integration of a top-down
selective pressure decreased unexplained variance by 18-52.6% and lead to the
development of an assembly model. Early, unstable, communities are driven primarily by
nutritional availability, but these differences decrease over time as community biomass
increases. As the community ages higher trophic levels are recruited, until selective
predation determines late community composition. The use of a bottom-up and topdown selection mechanism decreased the amount of unexplainable community variance,
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while enabling a deeper understanding of the underlying microbial ecological community
assembly framework.
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1. Introduction
1.1 Knowledge of microbial assembly mechanisms is important
Environmental microbes are essential components of all ecosystems due to their
contribution to global metabolite (e.g. polysaccharides, CO2) and element (e.g. oxygen,
nitrogen) cycling and distribution (Falkowski, Fenchel, and Delong 2008; Junge et al.
2006; Sullam et al. 2017; Zahran 1999). Microorganisms regulate environmental nutrient
concentrations through fixation of elements (e.g. oxygen, nitrogen, carbon) into organic
forms, and the degradation of biological carcasses and waste products (Azam and Malfatti
2007). To understand the contribution of microorganisms to the global nutrient cycle, it
is important to first identify what organisms are present, and the ecological role these
organisms play. While technological advances have allowed the identification of
microbial community compositions, the underlying mechanisms and rules governing
successions and community assembly remain poorly studied. By better understanding
these mechanisms, it is possible to target specific processes to increase positive and/or
reduce negative outcomes.
The study of microbial assembly mechanisms has a far-reaching effect due to the wide
range of applications. For example, a modern application of a community assembly is
microorganisms is within wastewater treatment (Nicolella, Van Loosdrecht, and Heijnen
2000). If raw wastewater or sewage was released into the environment then the resulting
water pollution could result in harmful algal blooms (Lapointe et al. 2015). Instead,
microbes are employed to decrease organic matter concentrations within the released
fluid to avoid harmful algal blooms. It has been suggested that the utilisation of
microalgae within wastewater treatment could be used to produce biofuels as a
byproduct (Miranda et al. 2017). To make this a reality it is first important to understand
the underlying ecological principles of community assembly to maximise microalgal
abundance and therefore biofuel production. Community assembly is defined as the
processes that shape both the identity and abundance of organisms within an ecological
community. Understanding community assembly is also important in the medical field
where biofilms are a significant risk factor of prosthetics by providing a difficult to
remove infection reservoir (Gbejuade, Lovering, and Webb 2015; Pesce et al. 2015), and
human gut microbiome where changes have been linked to Crohn’s disease (Manichanh
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et al. 2006; Qin et al. 2010). Increased knowledge of community assembly can also have
an economic and environmental impact. For example, the cleaning, coating, and painting
of ship hulls is done periodically at considerable expense to inhibit corrosion, biofouling
and drag (Hunsucker et al. 2018; de Carvalho 2018). By identifying community assembly
recruitment pressures it may be possible to prevent or slow macrofouling recruitment
by increasing the abundance of biofilm inhibiting and reducing organisms (Yin et al.
2019; Watson et al. 2016).
A quantitative study of assembly mechanisms would provide increased insight into the
complex community formation and succession process. Therefore, this thesis focuses on
understanding the relative influence of microbial assembly drivers on marine biofilm
communities, while also assessing taxonomic identities and trends. This is an essential
step to better understand the role of microbial assembly mechanism rules and nutrient
cycling across all habitats.

1.2 Selective pressures have been classified but their relative influence remains
unknown
Different environmental conditions produce distinct microbial communities yet the
broad ecological principles behind community development remain consistent. For
example, shallow and deep hydrothermal vents develop distinct microbial communities
due to differing environmental stimuli, but assembly rules are retained as both select for
autotrophic primary producers. Shallow hydrothermal vents contain large numbers of
autotrophic diatoms which utilise sunlight to fix CO2 into organic molecules for energy
storage and growth (Obata, Fernie, and Nunes-Nesi 2013; Kuczynska, JemiolaRzeminska, and Strzalka 2015). Meanwhile deep sea (below 200m) hydrothermal vents
are located at depths with little sunlight availability so contain a higher abundance of
chemoautotrophs (Tarasov et al. 2005). As the study of microbial ecology continues some
assembly rules have been identified, and selective pressures have been broadly
categorized.
1.2.1 Selective pressures can be either stochastic or deterministic
Selective pressures can be stochastic or deterministic, causing either random or directed
community changes respectively. Stochastic pressures are associated with random
2

community fluctuations, such as the inherently random birth/death/reproduction rate,
known as ecological drift (Zhou and Ning 2017; Nemergut et al. 2013; Vellend 2010;
Vellend et al. 2014). Deterministic selection act through niche selection, where specific
pressures drive communities towards specific outcomes, e.g. increased heterotrophic
growth in response to increased organic carbon availability (Eiler et al. 2003). Selective
pressures have been thought to exist on a stochastic/deterministic gradient, so a single
selective pressure may be both (Gravel et al. 2006).
The movement and successful settlement of organisms across space (i.e. dispersal) can
be both stochastic and deterministic (Vellend et al. 2014; Lowe and McPeek 2014; Zhou
and Ning 2017). When dispersal is dependent on population size it is primarily stochastic,
as more abundant organisms have a greater chance of dispersal compared to rarer
organisms (Zhou and Ning 2017). However, dispersal can be deterministically influenced
by specific biological adaptations and an organism’s activity level (Zhou and Ning 2017;
Hanson et al. 2012). A propulsion method paired with chemotaxis provides motility to
propel the organism in a specific direction, however, an organism must be in an active
state as dormant organisms are passively dispersed (Zhou and Ning 2017). Deterministic
dispersal remains poorly studied due to microbial size, high abundance, high
reproduction, and wide dispersion (Evans, Martiny, and Allison 2017; Nemergut et al.
2013). Inherent microbial characteristics make it challenging to link biological dispersal
traits to community changes and dispersal differences (Lowe and McPeek 2014).
Consequently, the relative influence of stochastic and deterministic processes on
dispersal is yet to be determined (Zhou and Ning 2017; Langenheder and Székely 2011;
Powell et al. 2015; Måren et al. 2018b). For the sake of simplicity many studies continue
to treat dispersal as a purely stochastic mechanism, even though it is now generally
accepted that both stochastic and deterministic processes play a role in community
assembly.
The relationship between stochastic and deterministic processes is further complicated
by interactions between them and their variable influence over time. While stochastic
and deterministic pressures have been assumed to represent a continuum, interactions
have been identified where strong deterministic pressures intensify the stochasticity of
community assembly (Yuan et al. 2019; Evans, Martiny, and Allison 2017). To identify the
individual influence of a process, an experimental approach is required, as opposed to
3

observational studies where it is challenging to separate the effects of multiple selective
pressures. The influence of stochastic and deterministic pressures may shift in response
to ecosystem changes, even shifting the primary influence from stochastic to
deterministic (Måren et al. 2018b; Dini-Andreote et al. 2015) or deterministic to
stochastic over time (Chisholm and Pacala 2011). To capture influence variability, studies
must include a temporal component within their experimental design to enable the
capture of a single pressures relative influence on a community.
1.2.2 Selective pressures are divided into abiotic and biotic influences
Deterministic community processes are divided into abiotic and biotic pressures
depending on their characteristics. Abiotic pressures refer to physical or chemical
processes (e.g. nutrient availability, geographic location) that may affect community
composition.
The literature concerning microbial ecology largely focuses on the effects of abiotic
pressure on microbial communities, primarily environmental nutrients (Jannasch 1967;
Colwell, Walker, and Cooney 1977; Tilman, Kilham, and Kilham 1982; Scheu 1990;
Pereira and Berry 2017). While also considering the effects of other pressures such as
pH, temperature, and pressure (Price and Sowers 2004; Bartlett 2002; Yun et al. 2016).
The abiotic pressure focus stems from a historic pure culture bias where metabolic
requirements and limiting resources are provided to culture an isolated organism as a
way to develop pure cultures from previously complex communities
Biotic pressures are those derived from, or related to, interactions between living
entities, these social behaviour and other biotic interactions are fundamental aspects of
communities and have been classified into groups: 1) mutualism occurs when both
organisms’ benefit, 2) commensal relationships benefit only one organism while the
other remains unaffected, 3) amensalism inhibits or destroys one organism while the
other remains unaffected, 4) predation benefits one organism at the expense of another,
5) and competition where both organisms are negatively affected. The existence of public
goods (compounds that released into the environment and provide a collective benefit to
the community) represents one of the benefits of living in a community, as organisms
interact by sharing resources for growth and reproduction. Resource sharing only
increases with density as more metabolic by-products can be utilised by other organisms
4

in a process known as cross-feeding (Henson and Phalak 2017; N. W. Smith et al. 2019),
further expanded on by Smith et al 2019 (N. W. Smith et al. 2019). Predation is another
ecological process in microbial communities, where it can either target specific
organisms (selective predation) or feed on any organism (general predation). The
distinction is dependent on the relative frequency of prey organisms within a predator’s
diet. When the relative frequency of prey differs from the prey’s relative environmental
abundance, a predator shows prey type preference and therefore selective predation.
Blue-gill fish (Lepomis macrochirus) display selective predation with yeast infected
Daphnia (Duffy and Hall 2008), a preference for infected Daphnia by the fish reduces
infection prevalence and associated host density declines. Meanwhile, general predation
occurs when a predator has no preferred prey type, its diet therefore reflects
environmental prey abundance. Daphnia pulex, a generalist consumer (Bogdan and
Gilbert 1987; Burns 1968), is thought to only reject particles that exceeds its food groove
size (> 45 µm) (DeMott 1982).
Biotic interaction studies are less common than those focused on abiotic interactions,
particularly studies concerning microbial ecology. One possible reason includes the
increased technical and analytical difficulties associated with biotic interaction studies.
Biotic-interactions are hard to determine unless directly observed or controlled for,
which is near impossible at the microbial scale. Gause’s competitive exclusion work is an
example of a directly controlled experiment, as organism presence is dependent on its
relative fitness (Gause 1934). The approach quickly becomes untestable with larger
organism numbers and more complex communities. A possible alternative includes
identifying possible interactions through data analysis of taxonomic distributions over
time, followed by a literature search to determine precedence and why these organisms
may be interacting. However, this method relies on easily identifiable inverse
relationships and previously established interactions.
1.2.3 Selective pressures can enact bottom-up or top-down compositional changes
Selective pressures enact compositional changes through primary producers in a bottomup dependent manner, or through predators in a top-down dependent manner. Primary
producer abundances are affected via the inorganic nutrient availability (e.g. sunlight,
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nutrients) (Bryant et al. 2016; Sinkko et al. 2011) and the optimal growth conditions (e.g.
salinity, pH) (Jin and Kirk 2018; Rath et al. 2019).
Changes in primary producer abundance leads to systematic increases or decreases of all
organisms by changing the availability of their prey species. For example, plankton, sandeels (Ammodytes marinus Raitt), and predatory sea-birds display a classic bottom up
relationship whereby, increases in plankton abundance results in increasing sand-eel
(Ammodytes marinus Raitt) abundance and thus, increasing seabird fecundity,
demonstrating a systemic population increase across three trophic levels in response to
increased primary producer abundance (Frederiksen et al. 2006).
Predation, a focus of this study, is a top-down control mechanism, affecting community
compositions through trophic cascades. Top-down effects do not systematically increase
or decrease abundances, and instead generate a mosaic effect. A classic example of topdown controlled systems is the relationship between sea otters (Enhydra lutris), sea
urchins (Strongylocentrotus sp.), and kelp forests (e.g. Hedophyllum sessile and Laminaria
longipes) (Estes and Palmisano 1974). Sea otters prey on sea urchins and keep their
abundance below a threshold, which allows kelp forests to grow. However, once sea
otters are removed from the system sea urchins rapidly increase in population and
devastate the local fauna.
1.2.4 Communities develop in stages
One of the core concepts of community assembly includes the recruitment of organisms
into the local community from a larger geographic community pool, subsequent
successions can be clustered into stages. Development stages are most easily identified
when assessing biofilms which this study will utilise as a model environment, although
marine and soil studies have also shown evidence of developmental stages. However, the
quick growth of biofilms has made their study easier as opposed to larger ecosystems, as
displayed with marine (Casas et al. 1997) and soil (Dini-Andreote et al. 2015) studies,
which have identified stage dependent compositions when data collected over 2 and 105
years was utilised. Although the scale between biofilm and larger ecosystem studies
differed vastly, the community assembly rules remained constant.
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Biofilms develop and therefore undergo community successions, over several stages:
initial attachment, permanent attachment, maturation, and dispersal (Antunes, Leão, and
Vasconcelos 2019; Kostakioti, Hadjifrangiskou, and Hultgren 2013). Other ecosystems do
not have such clearly defined stages, instead succession is based on more general
sequential niche selection. Community selection is often dictated by niche requirements,
where a particular metabolic profile is available (Pereira and Berry 2017). Over time the
ongoing and dynamic assembly mechanism selections result in sequential filtering and
community successions as organisms increase and decrease as they are selected for and
against. Classic examples include phytoplankton seasonality (Bunse and Pinhassi 2017;
Casas et al. 1997; A. Silva et al. 2009) and dental plaque build-up following professional
cleaning (Teles et al. 2012). Selection of specific organisms can be based on nutrient
availability, species presence, and predation (Lindemann and St. John 2014; Vidal et al.
2017; Örnólfsdóttir, Lumsden, and Pinckney 2004). Organisms thrive when nutrient
availability is high and their predation is low, and collapse due to nutritional limitations
and higher predation rates.
Biofilm succession stages have been extensively studied and characterised. Initial
bacterial surface aggregation and attachment is determined by Brownian motion and
deterministic pressures such as gravitational and hydrodynamic forces (Beloin, Roux,
and Ghigo 2008; Donlan 2002). Solid surfaces are associated with higher nutrient
concentrations (Stark, Stadler, and McCoy 1938), and are therefore often colonised by
organisms to take advantage of the increased nutrient availability (Jefferson 2006). Initial
attachment remains reversible and repulsive forces, or a lack of nutrient availability, may
cause settled organisms to rejoin the planktonic population. Similar forces help spread
organisms throughout larger ecosystems, such as air and water currents. Subsequent
strong cohesive adhesion is often characterised by a specific adhesion molecule and allow
for permanent attachment, so organisms may resist disruptive forces such as shear stress
(Kostakioti, Hadjifrangiskou, and Hultgren 2013). Once sufficient microbial density has
been achieved, quorum sensing linked genes promote the production of extracellular
polysaccharide (EPS) matrix (Sakuragi and Kolter 2007). Additionally, eDNA
(environmental DNA [deoxyribonucleic acid]) has been shown to be important for cellto-cell connections and biofilm stabilisation, especially so within young biofilms (V. C.
Thomas et al. 2009). Biofilm maturation is often associated with more complex food-web
7

and a biomass increase (Teles et al. 2012), which attracts larger organisms (Antunes,
Leão, and Vasconcelos 2019). Biofilm organisms continually shed into the environment
in a process known as dispersion and is predominant following maturation. Dispersal can
be a passive process by external selective pressures (e.g. shear stress, abrasion, and
predator grazing [J. B. Kaplan 2010]), or an active process by the organisms themselves.
Microorganisms from the biofilm can rejoin the planktonic population if environmental
conditions are more favourable (Sauer et al. 2004; Rowe, Withers, and Swift 2010; Hong,
Lee, and Wood 2010; Karatan and Watnick 2009), but may still disperse into the
environment even under unfavourable conditions to increase microbial spread or for
reproduction. Changes in environmental, or biofilm associated, nutrient availability or a
build-up of toxic substances within the biofilm can trigger dispersal. However, each
species prefers different conditions, and even then some species members remain
present within the biofilm (J. B. Kaplan 2010).
The retention of successional stages across all ecosystems, from the human gut to water
columns, is proof that the use of a biofilm model is suitable when microbial assembly
rules are assessed. Community stage dependent biofilm development results in specific
community successions, where one organism paved the way for another, like during
dental plaque development where Streptococcus mitis and Neisseria mucosa surface
colonisation is followed by Capnocytophaga gingivalis and Eikenella corrodens
recruitment and growth.

1.3 Biofilm characteristics
Biofilms are surface attached, organised aggregates of microorganisms that live within a
self-produced extracellular polysaccharide (EPS) matrix (Yin et al. 2019). Biofilms are
one of the most successful and distributed forms of life (P Stoodley et al. 2002; Tarasov
et al. 2005; Karpov et al. 2012; Kegler et al. 2017) and just like all microbial communities,
contribute to biogeochemical cycling processes across many habitats (Meckenstock et al.
2015; Ehrlich 1998).
Marine biofilms have been shown to act as biodiversity stores for the global marine
ecosystem (Zhang et al. 2019). Marine biofilms seed the marine environment via biofilm
cell dispersal (J. B. Kaplan 2010), but also provide other vital ecological roles within the
oceanic ecosystem. These marine biofilms can host autotrophic primary producers and
8

heterotrophs that degrade organic matter (Battin et al. 2016) at much higher densities
compared to the surrounding environment, while simultaneously providing protection.
High organism density and protection are two selective advantages that contribute to the
ubiquity of biofilms. Biofilms shelter microorganisms from predation by providing
physical protection in the form of an EPS matrix (Matz and Kjelleberg 2005; Justice et al.
2008). However, recent findings have identified that while biofilms protect against
planktonic grazing heterotrophs, biofilm specialized grazers do exist (Seiler et al. 2017).
The existence of alternative predators throws doubt into the overall biofilm predation
protection effectiveness, although a degree of protection remains.
Density dependent diffusion gradients lead to decreased antibiotic and external
compound diffusion penetration (Stewart 2003). Diffusion gradients also lead to the
increased concentrations of internal substances, such as exopolysaccharides and
quorum-sensing specific effects, i.e. resistance molecules (Hassett et al. 1999; Davies et
al. 1998). Therefore, biofilms can be strongly resistant to antibiotic treatments and
survive within extreme environments (Yin et al. 2019; Tarasov et al. 2005; Kostakioti,
Hadjifrangiskou, and Hultgren 2013). The increased cell density within biofilms,
compared to the surrounding environment, also contributes to increased social
behaviour (Nadell, Drescher, and Foster 2016), such as the increased concentration of
public goods and cross-feeding events (Henson and Phalak 2017; N. W. Smith et al. 2019;
Dunny, Brickman, and Dworkin 2008). Increased cooperative behaviour increases the
survival chances of separate organisms. Therefore, biofilms can more readily exist within
nutrient limited environments, such as marine systems, as well as nutrient rich
environments such as the human gut.
The characteristics of biofilms make them good models to assess assembly rules and the
relative influence of selective pressures. The ubiquity of biofilms makes it simple to grow
them, due to their advantages over planktonic cells. Biofilms assemble rapidly, with
recruitment occurring on the scale of minutes, while maturation can occur within days
(Antunes, Leão, and Vasconcelos 2019). Other ecosystems require longer-term studies,
such as the seasonal stages of marine water columns (Bunse and Pinhassi 2017; Casas et
al. 1997; A. Silva et al. 2009). A biofilm covers its growth surface, therefore surfaces size
can be adjusted for sampling ease and biomass. The increased cell density of biofilms also
9

makes it easier to sample sufficient biomass levels opposed to other environmental
samples. Additionally, interactions (whether predation or cross-feeding) are easier to
identify due to close organism proximity.

1.4 An in situ approach is necessary when assessing assembly mechanisms
To carry out a representative study, it is necessary to carefully design the experimental
procedure. To assess the effects of predation on microbial communities, it is important
to capture all possible interactions, including links to higher trophic levels. Previous
microbial top-down controlled studies tend to focus only on the microbial scale and fail
to account for possible interactions between the macro- and microbial organisms. Failing
to assess interactions is especially erroneous when evidence of predation on bacteria and
‘microbial farming’ indicate a close relationship between macro- and microorganisms
(Shoemaker, Duhamel, and Moisander 2019; Sullam et al. 2017).
In situ studies provide a range of advantages over more controlled designs. Experimental
designs using controlled conditions cannot capture the organism variation necessary for
an ecosystem representative study and are best utilised when assessing specific
interactions between a limited number of organisms. Instead in situ studies are better
suited to capture the complicated, dynamic, and nuanced nature of community food-webs
(Tunney et al. 2012; Polis and Strong 1996; Pillai, Loreau, and Gonzalez 2010). An open
environment also retains the dynamic physicochemical (e.g. salinity, pH, and
temperature) and nutrient concentrations of the ecosystem. Additionally, daily cycles are
preserved, such as sunlight, feeding on biofilms by natural predators, and the
currents/tide surrounding samples. The retainment of natural conditions decreases
selection bias that could result from changing environmental conditions.

1.5 rRNA gene amplicon sequencing is the superior technique to assess this study’s
microbial community composition
Historically, microbial communities have been assessed using a range of techniques. The
biggest divide is observed between culturing and sequencing techniques. Conventional
culture-based techniques have been utilised to assess microbial community composition,
but are known for their inaccuracy and biases, slower protocols, and larger costs. The
largest drawback of culturing techniques is the fact that only a small amount of all
10

microorganisms can be cultured. This phenomenon is called “The Great Plate Count
Anomaly” and was first described in 1985 by Staley and Konopka (Staley and Konopka
1985). Instead it has become more common to use sequencing techniques to assess
microbial community changes.
Over the last 50 years, sequencing technology has become cheaper, faster, and more
accurate (Heather and Chain 2016). Early commercial sequencing technologies, such as
Sanger sequencing, required gels and electrophoresis to identify the order of radio- and
fluorescently labelled dNTPs (deoxyribonucleotide triphosphate). Sanger sequencing
was a slow process with limited sequencing depth (Sanger, Nicklen, and Coulson 1977).
The second generation of sequencers allowed for real-time sequence identification
through the use of pyrosequencing and mass parallelisation, eventually giving rise to flow
cell technology (Heather and Chain 2016; Ronaghi et al. 1996; Voelkerding, Dames, and
Durtschi 2009). Subsequent advances in nanopore technology have since allowed for the
direct sequencing of DNA without the need for a PCR (polymerase chain reaction) and
remove PCR amplification biases (Haque et al. 2013; Jain et al. 2016). These advances in
sequencing technology have allowed unprecedented insight into all microbiomes.
16S and 18S rRNA gene amplicon sequencing is the most common approach to observe
microbial community compositions allowing rapid classification and surveying of
organisms based on sequence identity (Zhulin 2016). rRNA gene sequencing is based on
identifying the base sequence of the RNA molecule within the rRNA gene (rDNA) of an
organism’s small ribosome subunit. Prokaryotic 30S subunits contain the 16S rDNA while
eukaryotic 40S ribosomal subunits contain 18S rDNA. Hypervariable rDNA regions are
used to determine phylogenetic distance while strictly conserved regions provide
attachment sites for universal primers (Fox et al. 1980; Janda and Abbott 2007). The high
conservation allows for widely divergent organism’s rRNA to be sequenced from the
same primers to produce a more representative community compared to culturing
methods. rRNA gene amplicon sequencing technology also comes with several
drawbacks; low abundance organisms are underrepresented, cell lysis differences lead
to differences in representation as some bacterial species are more resistant to lysis with
different techniques, primer bias remains a major concern even with universal primer
usage, and varying rRNA copy number misrepresents organism abundances (Ghurye,
Cepeda-Espinoza, and Pop 2016; Janda and Abbott 2007; Gong et al. 2013; Rogers and
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Bendich 1987). However, the use of deep sequencing, redundant read elimination
(rarefication), and other phylogeny-based approaches help mitigate some of these
limitations to increase analysis accuracy (Brown et al. 2012; Nguyen et al. 2016). Even
with the remaining limitations, rRNA gene sequencing remains an important and
standard component of the microbiome toolkit (Poretsky et al. 2014).
Another sequencing approach that can identify community composition is shotgun
metagenome sequencing. Metagenome sequencing allows for the comprehensive
analysis of all genomic sequences from a sample (Laudadio et al. 2019). Unlike for rRNA
gene sequencing, the assessment of both metabolic potential and taxonomic distributions
is possible (Laudadio et al. 2019). Metagenomic sequencing has increased potential for
taxonomic resolution as all genes are assessed, not just the ribosomal rRNA, and there is
better cross domain coverage (Laudadio et al. 2019; Escobar-Zepeda et al. 2018).
However, rRNA gene sequencing currently provides better bacterial taxonomic coverage
due to more comprehensive databases (Escobar-Zepeda et al. 2018), but this may change
in the future. rRNA gene sequencing also has other advantages over metagenome
sequencing. It has a lower false positive risk, due to tools such as dada2 increasing
accuracy and taxonomic resolution to the Genus-Species rank (Callahan et al. 2016).
dada2 utilises an exact amplicon sequence variant (ASV), as opposed to the 97% cut off
previously employed. It is possible to decrease host DNA interference for amplicon
sequencing with PCR cycle and primer changes (Laudadio et al. 2019). rRNA gene
sequencing remains the cheaper technology. Therefore, for the purpose of assessing
microbial community composition, rRNA gene sequencing remains the superior
technology for now.
Following sequencing, the identified sequences are often classified into operational
taxonomic units (OTUs) by clustering sequences at 97% similarity. OTU clustering
represents a disconnect between OTUs and species. Some organisms display increased
variability within their hyper-variable rRNA gene region, thereby misrepresenting
species abundances and community richness (Callahan, McMurdie, and Holmes 2017a;
Mysara et al. 2017). Instead, the use of amplicon sequence variants (ASVs), based on exact
sequence matching, has become popular due to their improved resolution and intrinsic
biological meaning (Callahan, McMurdie, and Holmes 2017a). Additionally, ASVs derived
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from the dada2 pipeline increase data reusability. Separate studies can combine their ASV
data due to sequence overlaps.
Testing of assembly rules is based upon community composition shifts, such as increased
species turnover associated with stochastic processes and decreased species turnover
with deterministic processes (Van Der Gast, Ager, and Lilley 2008). The assembly control
influence, such as nutritional availability and predation, can be assessed by their effects
on community composition. Therefore, the assessment of community compositions takes
precedence over how the functional profile of the community changes if the underlying
assembly mechanisms are to be identified.

1.6 A long-term top-down control integrated study would best assess community
assembly mechanisms
Arguments have been made for and against parallels between ecological frameworks
used for macro- and microbiology (Nemergut et al. 2013). However, intrinsic differences
between microbial (referring to microorganisms) and macrobial (referring to larger
multicellular organisms) life may play a role on assembly mechanisms, such as the
increased dispersal of microbial life, increased genetic diversity of microbial species
compared to macrobial species, and the potential for microbial horizontal gene transfer.
Therefore, the rules determining microbial community assembly may differ from those
governing macrobial assembly and microbial specific studies should be carried out to
confirm or reject similarities to the macrobial ecological assembly rules.
Microbial assembly mechanism literature is rife with contradictory evidence, commonly
noted as habitat specificity. A failure to assess relevant study parameters within the
environment could be a contributing factor. Observational studies commonly assess only
a small number of variables when determining community assembly (Bryant et al. 2016;
Powell et al. 2015; Peterson et al. 2008). A small pool of variables has the potential to
miss vital habitat components that may provide more information on assembly
mechanisms due to information limits, and results in unrepresentative analyses and
potential contradictions. Experimental studies on the other hand directly test
independent variables, but even then, contradictory evidence remains; it could be due to
a failure to capture habitat specific information. For example, studies have found that
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predation can both increase and decrease microbial community richness (Peterson et al.
2008; Zha et al. 2018), but across two different ecosystems. Similarly, large multicellular
predator exclusion experiments show that the presence of Pacific sea stars (Pisaster)
increased community diversity within a rocky shore ecosystem (Paine 1966). Other
studies have found Pacific sea stars to decrease diversity within tropical conditions but
not affect community diversity within temperature conditions (Freestone et al. 2020),
and it was the inclusion of habitat differences that captured why contradictory evidence
may have been captured. The overall lack of microbial predation studies within the
literature makes it challenging to identify what may cause habitat differences and
therefore the microbial assembly mechanisms understanding suffers due to unexplained
contradictory evidence. More microbial predation studies would help close this gap.
Another gap in knowledge concerns the unaccounted variance within both bottom-up
and top-down focused studies. Bottom-up studies report that 25-88% of all community
variance remains unaccounted for (Rajput et al. 2019; Ofiţeru et al. 2010; Pereira e Silva
et al. 2012; Chow et al. 2014). The unexplained variance may be an artifact of
observational studies, namely the failure to account for all the factors that contribute to
variance, as experimental studies suffer from the same unexplained variance (Bååth et al.
1995). Therefore, an additional factor, such as biotic relationships between organisms,
could improve community variance understanding. The same is true for top-down
studies, with 20-70% of the total variance unaccounted for (Chow et al. 2014; Livingston
et al. 2017) for both observational and experimental analyses. Previous studies have
shown that the integration of both bottom-up and top-down controls decrease
unexplained variance by 2-34.7% (Bouvy et al. 2011; Berdjeb, Ghiglione, and Jacquet
2011). Omics technology advances have decreased the challenge of assessing viralbacterial interactions (Fernández, Rodríguez, and García 2018), so an increasing number
of studies focus on viral microbial community influences. Leaving the effects of trophic
predation understudied, even though predation is well accepted to play a role in
community assembly (Welsh et al. 2016; Sherr and Sherr 2002). Studies that do utilise
both bottom-up and top-down controls often do not quantify their relative influence on
community assembly. Thus, its role in relation to a larger framework of microbial
community assembly remains unclear. The integration of predation in a bottom-up study
therefore represents a step forward in the understanding of community assembly.
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Long term studies of bottom-up and top-down integrated studies would provide more
information than either snapshots or short-term studies. Many microbial studies focus
on early developmental stages, even though communities are known to shift for weeks
after establishment. Short-term studies therefore fail to assess long term effects that
assembly mechanisms may have on community development. The lack of long-term
studies is an especially large oversight as bottom-up and top-down control influence
shifts over time, and communities are even known to switch the primary control
mechanism between bottom-up and top-down processes (Meserve et al. 2003; Lynam et
al. 2017). Another benefit of long term studies would be the possibility to address the
importance of stochasticity on microbial communities in the face of deterministic
controls (Zhou and Ning 2017), which is another literature gap. A long-term study allows
for an initial stochastic process, such as biofilm settlement, to be assessed with the
addition of deterministic processes, such as surface degradability and predation.
This study proposes that to capture community assembly and increase the understanding
of the fundamental framework governing it, it is important to assess a developing
environment over a long period of time using deterministic, both bottom-up and topdown, controls following stochastic selection.

1.7 Study aims
The primary aim of this study is to determine the relative influence of bottom-up and topdown processes on microbial community assembly. The aim was tested using an in situ
marine biofilm model within Portobello Bay. Bottom-up controls will be represented by
substrates with different degradation rates and physical properties, and top-down
control will be assessed by comparing biofilms in the presence/absence of a 100 µm
enclosure for large predator (> 100 µm in diameter) exclusion. Community assembly
mechanisms were determined through compositional changes, assessed with the use of
alpha and beta diversity, sharing of ASVs over time, and taxonomic abundance shifts. The
noted biofilm stage effect was assessed with the use of silhouette and ecotone determiner
analyses, and confirmed using alpha and beta diversity measures.
By quantifying the influence of bottom-up and top-down controls, the fundamental
question of ‘when and how do bottom-up and top-down processes influence microbial
community assembly?’ is answered. Based on the literature I hypothesised that early
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community assembly were controlled primarily by nutritional and environmental
requirements (i.e. bottom-up controls). In contrast, late communities are expected to be
further influenced by predation (i.e. top-down control) through pruning specific
organisms thus changing community composition.
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2. Methods
2.1 Experimental design
Substrates (plastic [i.e. acryl], glass, tile [i.e. glazed ceramic], and wood [i.e. untreated
pine]) were chosen based on their different degradation rates and surface properties.
Both plastic and wood are organic compounds, as both contain carbon atoms within their
skeletal structure (Ali, Karim, and Buang 2015; Lamlom and Savidge 2003). While marine
biofilms increase the rate of surface corrosion (Li and Ning 2019; Karpov et al. 2012) only
wood degrades on the relevant timescale of days to weeks (Reinprecht 2016; D. L. Kaplan,
Hartenstein, and Sutter 1979), whereas all other substrates are functionally inert. A 100
µm mesh was chosen to exclude large predators (e.g. marine invertebrates > 100 µm)
from the biofilm community to assess the effects of top-down controls. In addition to
excluding organisms such as crustaceans, the mesh enclosure also inhibits the presence
of microeukaryotes. Microeukaryotes are likely to be the primary predators, as large
organisms struggle to consume the small organisms normally found within biofilms. The
in situ component of the marine biofilm ensures that all natural predators (e.g.
crustaceans, fish, and marine mammals) are present, as different predators may have
distinct indirect biofilm composition effects via trophic interactions. Thereby in situ
component also provides a link to higher trophic levels that many predation studies fail
to assess (Hartmann et al. 2013). By utilising a marine biofilm model, scale is also
accounted for, which is often a prohibitive measure for ecological studies. Marine biofilms
can be grown to any size while containing all the components of a habitat within weeks
to months (Antunes, Leão, and Vasconcelos 2019). The settling surface provides a space
for early colonisers to initiate community growth, extruding EPS that provides a physical
environment for further development. A small geographic area (30m2) limits community
differences due to dispersal, leaving settlement primarily a stochastic process. Samples
were suspended perpendicular to the incoming tide in a single line to account for tide
force effects, as two sample lines would provide shelter for each other. Identical heights
(80 cm) also accounted for identical sunlight exposure and predator access during high
tide. Seasonality was accounted for by carrying out all observations within the same
experiment removing seasonal effects or year to year variance (Hullar, Kaplan, and Stahl
2006).
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Figure 1. Biofilm holder construction and deployment. Individual 75 x 25 mm
substrate (i.e. plastic, glass, tile, and wood) slides were contained within 50 mm PVC
pipe sections with a diameter of 100 mm with the use of polyethylene foam and ethyl
cyanoacrylate. Large predators (> 100 µm diameter) were excluded with the use of a
100-micron mesh surrounding the substrate filled PVC pipe section, whereas nonenclosed samples lacked a mesh enclosure. Samples were suspended from either their
mesh enclosure or pipe on a single 30 m rope on the surface during low tide 80 cm from
the seabed, so high tide submerged samples.
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2.2 Sample preparation and collection
Individual 75 x 25 mm substrate slides (plastic, glass, tile, and wood) were inserted into
PVC pipe sections using polyethylene foam and ethyl cyanoacrylate. The substrates and
their holders were either sewn into 25.4 x 30.5 cm 100 micron mesh enclosure or
remained exposed. Substrates were submerged into Dunedin Harbour off Portobello
North Beach (45.826678 S, 170.641684 E), and suspended from a single straightened
rope 80 cm from the seabed with cable ties. Samples remained exposed during low-tide
but submerged during high-tide (Figure 1). All samples were located in a small
geographic area (<30 m2), 50 m from shore. Starting in May 2019, biofilm samples were
collected on days 7, 14, 19, 28, 42, and 56 for a total of 153 samples (Table S1). All biofilm
biomass was scraped off the entire substrate using a sterile scalpel, with the exception of
tile where biomass was only collected from the smooth side. Sample biomass was
suspended in 100 µL sterile milli-q water and stored at - 80 ˚C until further processing.
Water column samples were collected to compare biofilm compositions with their
surrounding environment. Duplicate 1L water column samples were collected 2 m from
both ends of the substrate suspension structure on days 0, 7, 14, 19, 28, 42, and 56. Water
column samples were filtered through a 0.22 μm (diameter = 47 mm) polycarbonate filter
prior to freezing and storage at -80 °C until further processing.

2.3 DNA Extraction and Sequencing
DNA was extracted using the MoBio DNeasy® PowerSoil® Kit (MoBio Laboratories,
Carlsbad, CA, USA) according to the manufacturer’s protocol. Following extraction, DNA
was dehydrated using rotary evaporation in an Eppendorf Concentrator 5301
(Eppendorf, Germany) at 30˚C for 1 hour. Community profiles were generated using
barcoded

16S

(targeting

the

NNNNNNNNGTGTGCCAGCMGCCGCGGTAA-

V4
3′)

region:
and

515F
806R

(5′(5′-

GGACTACHVGGGTWTCTAAT-3′)) or 18S (1391f (5′- GTACACACCGCCCGTC-3′) and
EukBr (5′- TGATCCTTCTGCAGGTTCACC TAC-3′)) rRNA gene primers as per the Earth
Microbiome Project protocol (Caporaso et al. 2012) at Argonne National Laboratory. All
samples underwent V4 16S and V9 18S rRNA gene hypervariable region sequencing.
Barcoded samples were then loaded onto separate Illumina MiSeq 2 × 151 base pair (bp)
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runs (Illumina, Inc., CA, USA) to produce a total of 13,202,642 and 10,124,722 reads for
16S and 18S runs, with an average of 63,171 and 48,444 per sample and a standard
deviation of 28,248 and 18,473. All sequence data from this study has been deposited in
NCBI under BioProject PRJNA630803.

2.4 Taxonomic assignment of rRNA gene sequences
Forward and reverse sequencing files of both 16S and 18S samples were demultiplexed
using QIIME’s split_libraries_fastq.py command. Once reads were demultiplexed, sample
specific forward and reverse fastq sequencing files were generated with QIIME’s
split_sequence_file_on_sample_ids.py command.
All bioinformatic analysis was carried out using R version 3.6.1 within RStudio (R Core
Team 2019), and visualised using the ggplot2 (version 3.2.1) (Wickham 2016) and
ggpubr package (version 0.2.4) (Kassambara 2019a) unless otherwise stated. All
associated

code

and

files

are

available

at

https://github.com/SvenTobias-

Hunefeldt/Thesis_2020/.
16S and 18S rRNA sequencing reads were quality filtered and assigned to amplicon
sequencing variants (ASVs) using the dada2 R package (version 1.12.1) and associated
pipeline (Callahan et al. 2016). ASVs are superior to the alternative operational
taxonomic unit (OTU) method as they may be resolved exactly to capture even single
nucleotide differences (Callahan, McMurdie, and Holmes 2017b).
Sequences are provided as forward and reverse fastq sequencing files. These are merged
to identify taxonomic matches. To avoid high error rates when matching forward and
reverse sequences, low quality data, specifically the tails, are normally trimmed off the
sequences. The dada2 function plotQualityProfile() was used to visualise the optimum
cut off point for all samples by plotting the median sequence nucleobase Phred quality
scores against nucleobase position. The dada2 function filterAndTrim() was then
available to remove nucleotides based on their position, specifically where Phred quality
rapidly decreased. However, the Phred quality score was consistently above 30, and
therefore no trimming was judged necessary. The filterAndTrim() function also removed
low-quality reads. To pass, forward and reverse reads must have contained less than 2
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“expected errors” based on the Phred quality score (Edgar and Flyvbjerg 2015), and have
an no unassigned nucleobase positions.
Every sequencing run contains a unique set of error rates, the dada2 function
learnErrors() identifies the parametric error model of the forward and reverse
sequences. It does this using machine learning to identify a jointly consistent solution of
error rates and sample composition inference. Dereplication of all sequences was done
with the dada2 function derepFastq(), by combining duplicate sequence reads into one
“unique sequence” and doing the same for their abundance. The dada2 core function
dada() then used the core algorithm on dereplicated sequences to identify “true” ASVs
via denoising. MergePairs() aligned and combined forward and reverse reads to generate
full sequence contigs, but only if forward and reverse sequences overlap by at least 12
identical bases. The identified ASV contigs are then used to construct an ASV table using
makeSequenceTable(). Chimeric sequences were the removed with the dada2 function
removeBimeraDenovo(). The identification of chimeras is easier for ASVs than the more
fuzzy OTUs. Chimeric sequences are identified when two, more abundant, “parent”
sequences can be combined to generate an exact sequence match. The total read number
of samples as they passed each dada2 pipeline stage was assessed (Table S2).
Taxonomies down to the genus, and when available, species level, were assigned with
assignTaxonomy and addSpecies from the SILVA rRNA reference database (version 132)
using the Ribosomal Database Project (RDP) naïve Bayesian classifier method (Wang et
al. 2007). A phyloseq object was created for analysis of the microbiome using from the
phyloseq package (version 1.28.0) (McMurdie and Holmes 2013) functions. Metadata
was imported using import_qiime_sample_data() and formatted with sample_data(), just
as otu_table(), and tax_table() formatted the ASV table and taxonomic identities. The
phyloseq() function from phyloseq was then used to create the object itself.

2.5 Bioinformatic community analysis
2.5.1 Sample clustering over time
A silhouette analysis required the otu table from the phyloseq object to be extracted with
the otu_table function, and abundance measures to utilise a presence-absence scheme.
The pam() function from the cluster package (version 2.1.0) then assesses the clustering
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fit of samples data into the specified number of groups around “medoids”, representative
samples, assessing 2-6 groups.
To identify grouping based on developmental time, as the literature has done, ASV
abundances were extracted from the larger phyloseq object and combined with
metadata. All metadata except biofilm age was removed and mean ASV abundance
calculated with summarySE() from the Rmisc package (version 1.5) (Hope 2013).
Samples were converted between long and wide formats using melt() and dcast() from
the reshape2 package (version 1.4.3) (Wickham 2007). The actual divide between
clusters was assessed with EcotoneFinder(), but plotted with plotEco(), both from the
EcotoneFinder package (version 0.1.0) (Bagnaro 2019). However the vegclust (version
1.7.7) (de Cáceres, Font, and Oliva 2010) and colorspace packages (version 1.4-1) (Zeileis
et al. 2019) were also required for the plot. The tested number of groups ranged from 26. Once the partition between early and late biofilms was identified, the proportion of
samples from day 7-14 and day 7 for prokaryotes and eukaryotes were calculated for
each group based on the silhouette analysis.
2.5.2 Alpha diversity quantification
Alpha diversity of both 16S and 18S was quantified with the use of observed species
richness and Pielou evenness. Observed species richness is defined as the number of
species present within a community (Lande 1996), whereas Pielou evenness represents
how close in abundance individual species from a community are to each other (Pielou
1967).
To compare observed richness across samples, all samples must contain an equal number
of reads, as done with a process known as rarefication. A custom function identified the
optimum sequencing depth using functions from phyloseq, reshape2, plyr (version 1.8.4)
(Wickham 2011), base (version 3.6.1) (R Core Team 2019), stats (version 3.6.1) (R Core
Team 2019), and data.table packages (version 1.12.1) (Dowle and Srinivasan 2019). Each
sample was rarefied 10 times at sequencing depths of 1, 10, 100, 1000, and every 1000
until a depth of 100,000, and observed richness assessed at each depth (Figure S1).
Samples were rarefied 10 times at a depth of 11,000 reads using rarefy_even_depth()
from the phyloseq package to retain both the maximum number of samples and depth.
22

Independent rarefactions were combined and underwent sample count transformations
using transform_sample_counts() from the phyloseq package to account for multiple
rarefactions. To avoid fractional representation of counts all data was rounded to the
nearest possibility using the round() command from the stats package. All data analysis
used rarefied data unless otherwise stated.
Alpha diversity measures were compared across biofilm age, developmental stage,
substrates, and enclosure status. Each comparison was assessed with both richness and
evenness metrics. Observed richness was quantified using estimate_richness() from the
phyloseq package from the rarefied community data. Meanwhile, Pielou evenness was
calculated with the evenness function from the microbiome package (version 1.6.0)
(Lahti and Shetty, n.d.). Wilcoxon rank sum tests compared alpha diversity metrics
between the two developmental stages and enclosure status (Mann and Whitney 1947),
whereas Kruskal-Wallis rank sum tests assessed significant differences based on biofilm
age and between substrates (W. H. Kruskal and Wallis 1952). When a Kruskal-Wallis test
was used, a pairwise Wilcoxon rank sum test was performed. Kruskal-Wallis tests also
assessed within group differences based on developmental stage and enclosure
differences between substrates, with subsequent pairwise Wilcoxon rank sum tests. All
Wilcoxon rank sum, pairwise Wilcoxon rank sum, and Kruskal-Wallis tests were adjusted
using Bonferroni corrections (Dunn 1961; 1959).
2.5.3 Beta-diversity quantification
Beta diversity between biofilm community samples was quantified with Bray-Curtis
dissimilarity. Bray-Curtis dissimilarity uses the taxonomic composition to calculate
differences between community compositions (Bray and Curtis 1957).
Kruskal’s non-metric multidimensional scaling (NMDS) (J. B. Kruskal 1964) was used to
identify relationships between substrate properties, enclosure status, developmental
time, and community composition. The phyloseq package ordinate() function was used
to perform NMDS tests with 20 random starting configurations, identifying the best fit by
quantifying stress to minimise data distortion. Subsequently the linear and non-linear fit
was assessed using stressplot() from the vegan package (version 2.5-6) (Oksanen et al.
2019). The best fitting NMDS was used in further analysis, including visualisation using
plot_ordination() from phyloseq. Samples were clustered by biofilm age, and settlement
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substrate. With clustering by enclosure status instead of settlement substrate also
visualised. It was noted that the axes of the NMDS plot may be correlated with biofilm
age, so a Spearman test was used to quantify the relationship’s significance. Sample
coordinates were extracted and a Spearman correlation test against biofilm age carried
out, adjusting p values with Bonferroni corrections. NMDS plots included only biofilm
samples, but some analyses also included water column communities. Water column
samples were included as an alternative form of substrate when clustering. Water column
samples contained a different nutritional environment much like the different surface
properties of the substrates, while conditions remained non-enclosed.
The vegan functions anosim() and adonis() were utilised to identify statistically
significant (p < 0.05) clustering in response to the settlement substrate, developmental
stage, biofilm age, and enclosure status. The analysis of similarities test (anosim())
function compares group means to each other, whereas adonis() is a permutational
analysis of variance test and therefore tests group mean differences while accounting for
cluster dispersion differences. If tests compared more than two groups then a pairwise
PERMANOVA test identified significant differences between individual groups using the
pairwise.perm.manova() function from RVAideMemoire package (version 0.9-73) (Hervé
2019). All statistical beta diversity tests used 999 permutations to calculate if clustering
was significant, in addition to a Bonferroni correction.
Beta diversity was also calculated with the direct use of community Bray-Curtis
dissimilarity. The phyloseq object extracted OTU table utilised Bray-Curtis dissimilarity
to quantify compositional differences between each sample using vegdist() from the
vegan package. The use of melt(), and filter() and mutate_if() from the dplyr package
(version 0.8.3) (Wickham et al. 2019) formatted the data frame for downstream analysis.
The summarySE() function was used to calculate the mean, and standard deviation of
dissimilarity at each timepoint. The functions group_by() and summarise() from dplyr
allowed for the easier calculation of means in accordance to settlement substrate,
developmental stage, biofilm age, enclosure status, and sequencing differences.
Compositional differences were quantified against all other biofilm samples from their
biofilm age to identify the mean biofilm age dissimilarity regardless of settlement
substrate or enclosure status, with the exclusion of all self-comparisons. This was called
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the intra-timepoint dissimilarity. Wilcoxon rank sum tests were used to identify
significant mean dissimilarity differences based on enclosure, developmental stage, and
sequencing.
Kruskal-Wallis tests were used to identify significant substrate, and biofilm age
dissimilarity mean differences. Pairwise Wilcoxon rank sum tests were used to identify
specific differences between substrates and biofilm age. All Wilcoxon rank sum, pairwise
Wilcoxon rank sum, and Kruskal-Wallis tests were adjusted using Bonferroni corrections
(Dunn 1961; 1959).
In addition to assessing biofilm intra-timepoint dissimilarity, other comparisons were
also made: the surrounding water column intra-timepoint dissimilarity, mean biofilm
community dissimilarity to day their day 7 and 56 composition over time, dissimilarity
to the initial (day 0) water community, and dissimilarity to the water community over
time.
Maturation rate differences between enclosure status were assessed with an ANCOVA
test. ANCOVA tests assume: 1) linearity between the covariate and outcome at each
grouping level, 2) no interactions between the covariate and outcome, 3) normal residual
distribution is occurring, 4) residuals have a constant variance, and 5) the absence of
significant outliers. Maturation rates were calculated using anova() from stats.
Determination of significance required the use of ggscatter() from ggpubr, augment()
from broom (version 0.5.2) (D. Robinson and Hayes 2019), anova_test(), shapiro_test(),
levene_test(), get_anova_table(), emmeans_test(), get_emmeans(), and add_xy_position()
from rstatix (version 0.3.1) (Kassambara 2019b), and select() from dplyr.
2.5.4 Quantifying the number of shared ASVs
Zeta diversity is defined as the shared number of species between communities (Hui and
McGeoch 2014). To identify the shared number of ASVs across substrates, and enclosure
status over time the otu table was extracted from the phyloseq object, reformatted into a
presence-absence scheme, and subset according to biofilm age and either substrates or
enclosure status. To identify common ASVs across multiple samples the Zeta.decline.mc()
function from the zetadiv package (version 1.1.1) (Latombe et al. 2018) was used.
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To assess means, group_by() and summarise() were used. Just as Wilcoxon tests assessed
differences between enclosures and Kruskal-Wallis tests assessed settlement substrate
differences. Spearman correlation tests assessed the strength of monotonic relationships
between the shared number of ASVs over time of prokaryotes and eukaryotes.
2.5.5 Identification of significant taxa trends
Significantly changing taxa over time, at the phylum and family level, were identified with
an exact test, specifically exactTest(), from the edgeR (version 3.22.3) (M. D. Robinson,
McCarthy, and Smyth 2010) package. Phylum analyses assess a broader scope of analysis
that a family approach lack due to less power for the analysis. However, phylum level
analyses cannot capture the fine precision associated with a family levels analysis.
Therefore, a family level can be used to identify biofilm community member capabilities,
and act as an informative tool to assess ecological traits. Biofilm and water column
communities were both assessed with the same method, only using different data
subsets. After the exact test, a Benjamini-Hochberg (Benjamini and Hochberg 1995)
correction was used to control for false discovery and significantly (p < 0.05) changing
(log fold change > 2 or < -2) taxa over time with a false discovery rate of below 0.1 were
identified. The phyloseq object was subset by the identified genera with the use of the
phyloseq functions subset_taxa(), tax_glom(), transform_sample_counts(), and psmelt().
Rare taxa (i.e. phyla making up < 1% of the total abundance on average) were identified
using the plyr package ddply() function, and summarySE() calculated standard error,
standard deviation, and the 95% confidence interval. The average relative abundance of
all phyla classified as rare was calculated and displayed, however, this may have resulted
in a total abundance < 100 % due to the cumulative effect of many rare organisms. Trends
were quantified with group_by() and summarise().
A similar approach was utilised when fold changes of biofilm organisms were calculated
relative to water column communities. All water column associated OTUs were identified
and the biofilm phyloseq object subset by the water associated organisms. Both water
and biofilm abundance tables underwent count, mean, and standard deviation
quantification with summarySE(). The specific organisms mean relative abundance
within biofilms and the marine environment were then calculated while substrate and
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enclosure status specific abundances were retained. The same rare taxa identification
method was used as above.
To identify how many of the biofilm organisms were also found within the marine
environment the biofilm and marine environment associated organisms were identified.
Marine associated taxa were renamed within the biofilm associated data frame, just as
non-associated organisms were. The relative abundance of the marine associated
organisms was then plotted, and the base package associated summary() function used
to quantify the relative influence of marine associated and unique to biofilm organisms
to biofilm community abundance.
A literature search was used to classify phyla as either primary producers (autotrophs)
(Waite et al. 2017; Bhatnagar and Bhatnagar 2019; Sukenik, Zohary, and Padisák 2009;
Cavalier-Smith 2018), heterotrophs (Wexler 2007; F. Thomas et al. 2011b; Spring et al.
2016; Thorp and Rogers 2014; M. W. Smith et al. 2017; Fujio-Vejar et al. 2017; Majdi and
Traunspurger 2015; Dong et al. 2019; Lee et al. 2009; Yeates et al. 1993; Carere et al.
2017; Taylor and Sanders 2010), mixotrophs (Carere et al. 2017; Suyama et al. 2002;
Schultz and Koprivnikar 2019; Taylor and Sanders 2010), or unknown if the literature
was lacking. Unknown taxonomies were excluded as that they were both less abundant,
and played an unknown role in predator-prey dynamics.
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3. Results
3.1 Data retention throughout dada2 pipeline was acceptable
ASV generation throughout the pipeline relies heavily on the input data quality, with poor
quality data causing large data loss during trimming, error rate identification and other
dada2 pipeline steps. To test the quality and reliability of the dada2 pipeline and the
associated exact ASVs, read retentions were assessed following each major step (Table
S2). Minimal sequence loss was observed across the entire ASV creation process.
However, six 16S samples included higher non-chimera than initial read counts so
samples were removed for all following analysis due to their unreliability. Following
removal, a mean 80 % of all reads were retained from both 16S and 18S sequencing runs,
with no major reductions associated with any one stage. The high read retention and lack
of major read loss associated with a single stage suggests that true sequence variants
were retained throughout the pipeline.
To identify trends and minimise sequencing depth bias, rarefication to a depth of 11,000
sequences was carried out, resulting in a loss of 9.8 and 7.3 % of all 16S and 18S samples,
respectively. This falls within acceptable limits and ensures high data quality and
reliability for subsequent bioinformatic analyses.

3.2 The water column represents the marine biofilm seed bank (regional species
pool)
Marine water column communities remained stable throughout the study. No time
specific trends could be identified when comparing intra-timepoint water column
dissimilarity, where the mean of all single timepoint dissimilarities to all communities
from that timepoint were calculated. Although eukaryotes were shown to be more
variable compared to their prokaryotic counterparts (Wilcox, p < 0.01) (Figure S2). The
relative abundance of Proteobacteria and Bacteroidetes remained high throughout the
study (a mean 34 and 45 % of the community) with minimal variation (standard
deviation of 5 and 7 %) (Figure S3). All marine phyla showed low (< 9%) standard
deviations with the exception of Ochrophyta (13 %), which increased from 18 % to 36 %,
doubling over 56 days.
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A pairwise PERMANOVA test identified that the water column community was
significantly different to biofilm associated communities (i.e. plastic, glass, tile, wood; p <
0.01; Figure 2A, 2B). Differences between biofilm and initial (day 0) water communities
were evident early on with the large dissimilarity between biofilms and initial water
column communities (> 0.95; Figure S4). Colonisation was linked to high divergence, but
biofilms also reacted to water column composition changes with a significant reduction
in dissimilarity, which then increased (Figure 2C, 2D). This was consistent across both
prokaryotic (Kruskal-Wallis, chi2 = 78, p < 0.01) and eukaryotic (Kruskal-Wallis, chi2 =
179, p < 0.01) components of the microbiome, with a dissimilarity increase of 0.024 and
0.029, respectively. No substrate or enclosure dependent effects or differences could be
identified.
Biofilm organisms were selectively recruited from the surrounding water column.
Although recruitment occurred, the total number of recruited ASVs remained low, with
no more than 21 shared ASVs between the water column and biofilms at any timepoint
(Figure S5). Therefore, a maximum of 21 ASVs from a mean richness of 767 (prokaryotes,
2.7 %) and 222 (eukaryotes, 9.5 %) were shared between water column and biofilm
communities, showing that the majority of biofilm ASVs could not be detected within the
marine environment. Similarly, the water column associated ASVs only made up 7.2 % of
the total prokaryotic and 9 % of the total eukaryote biofilm abundance. However, large
abundance differences calculated as ratios were identified between water and biofilm
communities. Such as 2-10-fold increased Verrucomicrobia, 5.5- and 2.7-fold decreased
Ciliophora and Bacteroidetes, and 3-40-fold increased Planctomycetes (Figure 2E, 2F).
While water column associated ASVs could be identified within biofilms but only made
up a fraction of the total biofilm community composition, organism recruitment was
evident.

29

A

B

Stress = 0.15

1.0

Stress
= 0.149
●
●

Time (days)

●
●

2

0.5

●●
●

●

●
●●●
●●●
●●●
● ●●
● ●
●●
●
●●● ●●●
●

●

●

●

● ●

NMDS2

NMDS2

●

●
●

0

●

●
●
●

●

●

●
●
●●
● ●●
●●●
●● ●
●
●
●●
●
●
●
●
●

●

●
●

●

●

●
● ●
●

●

●

●
●

●

●
●
● ●●

●

●
●

7

●

14

●

19

●

28

●

42

●

56

●

●

●
●

●

●

0

●

●

●

●

●

● ●

●

●

●

●

0.0

●

● ● ●
●

●

●
●

●●

●

●
●

●
●

●● ●
●

●

●

●

●

Substrate

●

−0.5

Plastic
●

−2

Glass
Tile

−1.0
−4

−2

0

2

Wood

−0.5

0.0

0.5
NMDS1

NMDS1
C

D

Prokaryotes

Bray−Curtis dissimilarity

Bray−Curtis dissimilarity

0.97

0.96

0.95

0.94

1.5

Water

Eukaryotes

1.00

0.98

1.0

0.95

0.90

0.85

0.93

E

14

19
28
Time (days)

0.1

1.0
0.1

1.0
0.1

7 14 19 28 42 56 7 14 19 28 42 56
Time (days)

0.1

42

56

1.0

Autotrophs
Heterotrophs

Unknown

Prokaryotes

0.1

Planctomycetes

10.0
1.0

Cyanobacteria
Verrucomicrobia

0.1

Epsilonbacteraeota

10.0
1.0
0.1

Organism type

Mixotrophs

10.0

Wood

Wood

10.0

1.0

Tile

Tile

10.0

19
28
Time (days)

Non−enclosed

10.0

Glass

Glass

1.0

14

Plastic

0.1
10.0

7

Enclosed
Plastic

1.0

56
Eukaryotes

Non−enclosed

10.0
Ratio change compared to water

F

Prokaryotes
Enclosed

42

Ratio change compared to water

7

7 14 19 28 42 56 7 14 19 28 42 56
Time (days)

30

Proteobacteria
Bacteroidetes

Eukaryotes
Arthropoda
Florideophycidae
Ciliophora
Euglenozoa
Ochrophyta

Figure 2. Biofilm associated organisms are recruited from the water column’s rare
biosphere. All assessments display prokaryotic community components on the left
panel, and eukaryotes on the right. Community patterns, based on Bray-Curtis
dissimilarity (A-B), were assessed in relation to time and growth surface/environment
(i.e. plastic, glass, tile, wood, water from the water column). Colours represent biofilm age
and when water column samples were collected, and the 95 % confidence interval is
shown as ellipses associated with each timepoint. Different shapes are associated with
the different community sources (i.e. substrates/environments). The mean Bray-Curtis
dissimilarity between biofilm and water column communities (e.g. day 7 biofilm
communities were assessed against day 7 water column communities, while day 42
biofilm communities were assessed against day 42 water column communities) are
shown over the course of the study (C-D), where error bars represent the standard error
of mean dissimilarity. Also shown is the ratio increase of organisms at the phylum level
from the water column compositions abundance to mean biofilm abundances in a
substrate and enclosure status dependent manner (E-F). The type of line (solid, points,
dashed, and two-dashed) represents the three main types of organisms; autotrophs,
heterotrophs, and mixotrophs, as well as those yet to be determined and unknown. Mean
relative abundance is calculated from pooled significantly correlated taxa, and error bars
represent the standard error of the mean abundance based on biological replicates.
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3.3 Biofilm development is split over two stages
Biofilm compositions were best divided into unstable early, and more stable late
successions. Silhouette analyses compare an object’s (i.e. sample composition) similarity
to both its own and other clusters to determine optimum cluster separation. A high value
corresponds to appropriate cluster configuration, while a low value suggests that the
number of groups is either too high or low. This study identified two major prokaryotic
clusters with a reliable mean silhouette width of >0.4 (Kaufman and Rousseeuw 1990),
defined predominantly by sample age within the in situ biofilms (Table S3). Cluster one
(silhouette width 0.10) contained mainly day 7 to 14 (75%) samples, and a number of
samples from day 19 (25%), while cluster two (silhouette width 0.46) contained mainly
day 19 to 56 samples (72%) and a low percentage of samples from day 7 to 14 (28%).
Two group ecotone tests supported these findings, where one cluster was made up of
days 7-14 and the other days 19-56 (Figure S6). While silhouette analyses could not
identify significant eukaryote clustering (Table S4), both prokaryotic and eukaryotic
sequencing data originated from the same biofilm sample and previous literature has
identified stage dependent compositions. As such, two group ecotone analyses were still
carried out and showed that one cluster was comprised of solely day 7 samples, and the
other of days 14-56 (Figure S6).
Biofilms showed significant differences between early and late stages when comparing
richness, evenness, and dissimilarity. The early to late composition difference was best
visualised on an NMDS plot, where a large shift was found from early to late community
stages (Figure S7). Analyses of means (ANOSIM; prokaryotes, R = 0.66, p < 0.01;
eukaryotes, R = 0.58, p < 0.01), and when also considering mean distributions (ANOSIM;
prokaryotes, R2 = 0.13, p < 0.01; eukaryotes, R2 = 0.07, p < 0.01), confirmed compositional
shifts in response to stage. Both prokaryotes (Wilcox, W = 395, p < 0.01) and eukaryotes
(Wilcox, W = 408, p < 0.01) significantly increased in richness from early to late
development stage (Figure 3A, 3B), confirmed with a pairwise wilcox test. Prokaryotic
day 7 and 14 richness levels were significantly lower (pairwise Wilcox, p < 0.05)
compared to all other samples with the except of the day 14 to 19 comparison. Similarly,
eukaryotic day 7 samples contained significantly lower (pairwise Wilcox, p < 0.05)
richness levels compared to all other samples, with the exception of day 14. Similar
patterns are evident when assessing biofilm evenness (Figure 3C, 3D), with a strong
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developmental stage distribution for both prokaryotes (Wilcox, W = 772, p < 0.01) and
eukaryotes (Wilcox, W = 1474, p < 0.01). Intra-timepoint dissimilarity assessments
showed a significant stage specific decrease (Figure 4), where prokaryotic and eukaryotic
dissimilarity decreased by 18 (Wilcox, W = 1181924, p < 0.01) and 2.9 % (Wilcox, W =
1018970, p < 0.01) from the early to late stage. A stage dependent shift could not be found
within the surrounding water column, which displayed an average intra-timepoint
dissimilarity of 17 and 50 % for prokaryotes and eukaryotes (Figure S2). Therefore, stage
dependent dissimilarity patterns are an intrinsic biofilm characteristic, and while
prokaryotic and eukaryotic organisms originate from the same biofilm, their successions
do not happen at the same time.
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Figure 3. Biofilm alpha diversity is enclosure dependent. Mean alpha diversity of the
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Figure 4. Community variability decreases over time.
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all day 7 communities, and all day 14 to all day 14, etc.). Error
bars represent the standard error of the mean dissimilarity.
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3.4 Enclosure presence increased alpha diversity
To test the hypothesis that predation (top down) drives community richness and
evenness during biofilm development, the selective pressures impact on observed
richness and Pielou evenness (Figure 3A – 3D) was assessed. Alpha diversity changed
significantly as biofilms aged. Community age and richness were significantly correlated
for both prokaryotes (spearman, rho = 0.62, p < 0.01) and eukaryotes (Spearman, rho =
0.23, p < 0.01; Figure 3A, 3B). A different enclosure status lead to richness differences for
both the early and late stage (Figure 3A, 3B), with non-significant (Wilcox, W < 270, p >
0.07) richness increases found in early enclosed communities (+186 prokaryotic and 73
eukaryotic ASVs). However, the late stage did show significantly (Wilcox, W > 1546, p <
0.01) increased richness (+316 prokaryotes and 135 eukaryotes) within enclosed
biofilms.
Meanwhile, evenness patterns differed between prokaryotes, which increased
(Spearman, rho = 0.42, p < 0.01), and eukaryotes, which decreased (Spearman, rho = 0.28, p < 0.01) evenness (Figure 3C, 3D). Richness patterns were repeated for stage
dependent evenness effects (Figure 3C, 3D), with increased evenness under enclosed
conditions for both early (Wilcox, prokaryotic W = 1436, p < 0.001; eukaryotic W = 1955,
p < 0.001) and late stages (Wilcox, prokaryotic W = 310, p < 0.001; eukaryotic W = 72, p
< 0.001). Based on correlation strengths, enclosure effects were stronger during the late
stage for both richness and evenness.
3.4.1 Increased wood richness and decreased evenness were enclosure dependent
To test the hypothesis that substrates (bottom-up) drive biofilm community richness and
evenness during development, the selective pressures impact on richness and evenness
were assessed. Only eukaryotic richness was found to significantly differ between
substrates in a non-enclosure dependent manner (Kruskal-Wallis, chi2 = 12, p < 0.01).
Therefore, while diversity differences could be identified between substrates, they were
predominantly enclosure dependent.
Differences between wood and inert substrates were responsible for the identified
substrate effects. Pairwise comparisons mainly identified differences between wood and
other substrates, while other substrates rarely differed from each other (Figure 3).
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Richness differences between substrates were identified under early and late enclosed
conditions for prokaryotes (Kruskal-Wallis, chi2 = 8.3, p = 0.04) and eukaryotes (KruskalWallis, chi2 = 9.1, df = 3, p-value = 0.03). However, only prokaryotes showed pairwise
differences between wood and plastic, while all other substrates contained similar
prokaryote and eukaryote numbers (Figure 3A, 3B). Meanwhile, significant substrate
evenness differences were identified under enclosed conditions only for prokaryotes
(Kruskal-Wallis, chi2 = 17, p < 0.01; Figure 3C, 3D).

3.5 Biofilm successions are linked to age
As communities aged, they displayed distinct compositions in a successional pattern. An
analysis of mean tests showed significant correlation between age and mean dissimilarity
(ANOSIM, R = 42, p < 0.01), this was also true when considering both the mean
dissimilarity and dispersion (ADONIS; prokaryotic, R2 = 0.26, p < 0.01; eukaryotic, R2 =
0.10, p < 0.01; Figure 5A, 5B). Attempting to identify differences between individual
timepoints using a pairwise PERMANOVA lead to the conclusion that only day 42 and 56
prokaryotic communities, and days 14 and 19 eukaryotes were not significantly different.
Biofilm age correlated with NMDS1 coordinates for both prokaryotes (Spearman, rho =
0.81, p < 0.01) and eukaryotes (Spearman, rho = 0.66, p < 0.01). Additionally, the NMDS2
axis was significantly correlated with biofilm age for eukaryotes (spearman, rho = -0.59,
p < 0.01), but not for prokaryotes (Spearman, p > 0.05).
Communities steadily diverged from their early compositions towards their day 56
compositional patterns. Comparing all samples to day 7 biofilm samples showed a
significant increase in dissimilarity over time for both prokaryotes (Kruskal-Wallis, chi2
= 34, p < 0.01) and eukaryotes (Kruskal-Wallis, chi2 = 31, p < 0.01; Figure 5C, 5D).
Enclosed conditions showed that eukaryotes were 5 % more dissimilar than prokaryotes
when compared to day 7 compositions. Meanwhile dissimilarity comparisons to day 56
communities showed a shift towards a final composition in an age dependent manner
(Kruskal-Wallis; prokaryotic, chi2 = 41, p < 0.01; eukaryotic, chi2 = 35, p < 0.01) (Figure
5E, 5F). No other conditions showed either a significant substrate or enclosure effect
when comparing to day 7 or 56 communities (p > 0.08).
More ASVs are shared between both substrates and enclosure status as biofilms age
(Figure 6). ASV sharing across substrates increased from day 7 to 56 by a factor of 39 and
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5 for prokaryotes and eukaryotes, respectively. The number of shared ASVs increased
from 5.5 (prokaryotic) and 4 (eukaryotic) to a mean 217 and 20 (Figure 6 A). The
percentage of the total number of shared ASVs between substrates, based on the mean
number of ASVs within each biofilm community, therefore from 1.8 and 3.3 % to 22 and
9.4 %. Although a Kruskal-Wallis test could not identify age dependent ASV sharing (p >
0.12), the increase in prokaryotic ASV sharing was shown to be monotonically related to
biofilm age (Spearman, rho = 0.83, p < 0.01), which was not the case for eukaryotic ASV
sharing (Spearman, rho = 0.49, p = 0.11). Stage dependent ASV sharing could be identified
for prokaryotes, where early communities contained decreased levels of shared ASVs
(Wilcox, p < 0.01), meanwhile no eukaryotic stage differences could be identified (Wilcox,
p = 0.08). Similar patterns to substrate ASV sharing were identified across the enclosure
status, where ASV sharing increased by a factor of 12 (prokaryotes) and 2.5 (eukaryotes)
(Figure 6 B). Specifically, mean prokaryote ASV sharing increased from day 7 to 56 from
8.2 to 30 % (26 to 302 mean shared ASVs) from day 7 to 56, while mean eukaryote ASV
sharing from 7.8 to 11 % (9.5 to 23.5 mean shared ASVs). Biofilm age was found to have
an effect on prokaryotic ASV sharing (Kruskal-Wallis, chi2 = 18, p < 0.01; spearman, rho
= 0.85, p < 0.01), but not for eukaryotic ASV sharing was not correlated with biofilm age
(Kruskal-Wallis, chi2 = 7.4, p = 0.19; spearman, rho = 0.29, p = 0.16). However, both
prokaryotic (Wilcox, W = 1, p < 0.01) and eukaryotic (Wilcox, W = 8.5, p = 0.0162) ASVs
sharing increased significantly from the early to late stage (Wilcox, p < 0.01). Therefore,
while prokaryotic ASV sharing increased monotonically, eukaryotes did not and often fail
to correlate biofilm age and ASV sharing, although developmental stage effects persisted.
Additionally, more ASVs were shared across the enclosure status compared to across
substrates.
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Figure 5. Biofilm compositions converge over time. NMDS ordination of all biofilm
communities is grouped by biofilm age (i.e. colour) and settlement substrate (i.e.
shape), while ellipses represent the 95 % confidence interval associated with biofilm
age. Mean community dissimilarity to day 7 (C-D) and day 56 (E-F) compositions is also
shown. Mean dissimilarity was calculated via the assessment of all biofilm community
compositions from the assessed timepoint to either all day 7 (C-D) or 56 (E-F) biofilm
community compositions. Error bars represent standard error of the mean
dissimilarity.
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3.6 Community variability decreases as biofilms age
Differences between early communities were larger than those for late communities.
Assessment of biofilm age grouping for prokaryotes by three groups resulted in separate
day seven, and 14 samples groups, with all other timepoints making up the third group
(Figure S5). Three eukaryotic groups on the other hand showed day 7 and 56 to be
unique, while grouping all other timepoints together (Figure S5). Increasing the number
of groups lead to the next earliest timepoint from the multi timepoint group to separate
into its own group (Figure S5). Similarly, biofilm richness increased rapidly over the early
stage, with much smaller late community richness changes. Mean prokaryotic richness
increased to 841 over 19 days from initial immersion, and only increased by a further
159 ASVs until day 56. Meanwhile, eukaryotic richness increased to 223 from submersion
to day 14, but then decreased by 12 from day 14 to 56.
Community variability decreased as biofilms aged, with large variability drops between
the early and late developmental stage. To quantify alpha diversity variability standard
deviations were compared relative to the mean richness and evenness as appropriate.
Richness variability decreased by 32 and 63 % from day 7 to 56 for prokaryotes and
eukaryotes (Figure 3A, 3B), meanwhile evenness decreased by 7.4 and 9 % over the
course of the study (Figure 3C, 3D). By quantifying the NMDS plot 95 % confidence
interval area of each individual timepoint (Figure 5A, 5B) it was possible to identify the
variability associated with each timepoint. Prokaryotic composition variability decreased
significantly (Spearman, rho = -1, p < 0.01) from 17.4 at day 7 to 0.76 at day 56, but while
eukaryotic variability did decrease from 4.9 to 0.9, the effect was not significant (p >
0.05).

3.7 The primary compositional driver switches during biofilm development
To test the hypothesis that early communities correlate with first substrates (bottom-up)
and then both substrates and enclosure status (top-down), this study assessed the
correlation between each selective pressure and community dissimilarity to quantify
their relative influence. Early compositional patterns were strongly correlated with
substrate types (Table 1), specifically differences were found between wood and inert
substrates (Figure 5A, 5B). As the biofilm aged, early substrate associated differences
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decreased until late biofilms differed mainly due to enclosure presence (Figure S7; Table
1), rather than compositions equally influenced by both substrates and the enclosure
status. However, both substrate and enclosure status significantly correlated with
compositional patterns throughout the study, and it was only their relative influence that
differed between early and late communities. Therefore, while the primary community
selective pressure may shift over time, both selective pressures remain important drivers
of community composition.
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Organism

Test

ANOSIM

Prokaryotes

ADONIS

ANOSIM

Eukaryotes

ADONIS

Table 1. ANOSIM and

Biofilm development
stage

Variable

Time
Substrate
Early
Enclosure
status
Time
Substrate
Late
Enclosure
status
Time
Substrate
Early
Enclosure
status
Time
Substrate
Late
Enclosure
status
Time
Substrate
Early
Enclosure
status
Time
Substrate
Late
Enclosure
status
Time
Substrate
Early
Enclosure
status
Time
Substrate
Late
Enclosure
status
ADONIS tests compare time, substrate

R/R2

p value

0.30
0.50

< 0.01
< 0.01

0.19

< 0.01

0.30
0.19

< 0.01
< 0.01

0.41

< 0.01

0.11
0.24

< 0.01
< 0.01

0.08

< 0.01

0.13
0.12

< 0.01
< 0.01

0.13

< 0.01

NA
0.34

< 0.01

0.52

< 0.01

0.32
0.06

< 0.01
< 0.01

0.23

< 0.01

NA
0.28

NA
0.014

0.18

< 0.01

0.16
0.05

< 0.01
0.018

0.07

< 0.01

and enclosure

correlations over time on biofilm prokaryotes and eukaryotes. Prokaryotic and
eukaryotic communities were split by the early/late succession divide, based on section
3.3, to assess dissimilarity patterns correlations with biofilm age (time in days), growth
substrates (i.e. plastic, glass, tile, and wood), and the communities enclosure status (i.e.
enclosed and non-enclosed) using both ANOSIM and ADONIS statistical tests.
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3.8 Dominant phylum responses reflect selective pressure changes
Early community compositions were split mainly by substrates, with distinct differences
between wood and more inert substrates. Wood contained high heterotroph levels while
inert substrates were dominated by autotrophs (Figure 7). As biofilms aged community
compositions converged, inert substrate biofilms exhibited increased heterotroph levels
while those on wood saw increased autotroph abundances. These changes were caused
by the enclosure status, as enclosed biofilms were dominated by heterotrophs and nonenclosed communities were composed mainly of autotrophs.
Different substrates displayed clear phyla differences, the previously identified primary
compositional

selective

pressure.

Early

wood

communities

were

composed

predominantly of mixotrophs, which made up a mean 72 (prokaryotes) and 46 %
(eukaryotes) of the biofilm composition. Autotrophs and heterotrophs meanwhile made
up the minority, and contributed 13.2 and 13.3 % of all prokaryotes, and 36 and 11 % of
all eukaryotes. Inert substrates favoured autotrophic growth during their early stage, as
autotrophs made up a mean 55 and 85 % of the community, while heterotrophs and
mixotrophs made up 6 and 35 % of prokaryotes, and 6 % each within eukaryotes.
Late communities differed in response to the enclosure status, the dominant late selective
pressure. Late enclosed biofilms were dominated by heterotrophs and mixotrophs, as
each made up a mean 26 and 45 % of all prokaryotes, and 58 and 1.6 % of all eukaryotes,
while autotrophs made up 23 and 35 % of the total community abundance at any time
point. Non-enclosed biofilms, however, were dominated by autotrophs that made up an
average of 48 and 63 % of all prokaryotes and eukaryotes while heterotrophs and
mixotrophs made up a mean 17 and 33 % of prokaryotes, and 36 and 0.4% of all the
eukaryotes.
The two stage-dependent compositional differences were linked by a transitional period.
Over the course of the study the abundance of autotroph phyla decreased within enclosed
conditions, (e.g. Ochrophyta from 41 to 15 %, inert substrate associated Cyanobacteria
from 23 to 18 %, and wood associated Cyanobacteria from 32 to 22 % [Table S5]).
Meanwhile,

mixotroph

and

heterotroph

relative

abundance

increased

with

Bacteroidetes, Ciliophora, and Arthropoda rising by 17, 18, and 45 %, even though
Proteobacteria abundance decreased by 14 %.
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No community variability differences could be identified in response to biofilm age. While
phyla such as Proteobacteria (14 %), Euglenozoa (18 %), and Florideophycidae (24 %)
did show increased variability differences within early communities, other phyla such as
Arthropoda (15 %), Ciliophora (26 %), and Ochrophyta (8 %) did the same for the late
stage. No pattern, whether based on organism type or size, was apparent in response to
stage specific variability differences.
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Figure 7. Significant phylum compositional patterns in response to biofilm age
match selective pressure changes. The mean relative abundance of significantly
prokaryotic (A) and eukaryotic (B) phyla correlated with biofilm age are depicted with
enclosed communities on the left and non-enclosed on the right in a substrate
dependent manner. The type of line (solid, points, and dashed) represent the three main
types of organisms; autotrophs, heterotrophs, and mixotrophs. Mean relative
abundance was calculated from pooled significantly correlated taxa and error bars
represent the standard error of the mean abundance based on biological replicates.

46

3.8.1 Phylum and Family distribution patterns were conserved
Early wood contained increased levels of heterotrophs, unlike inert substrates which
favoured autotrophic growth. Colwelliaceae and Cellvibrionaceae (both heterotrophic
Proteobacteria) were more abundant on early wood compared to inert substrates,
whereas Bacillariophyceae (an autotrophic Ochrophyta diatom) was less abundant on
wood compared to inert substrates (Figure 8). Phyllopharyngea (a heterotrophic
Ciliophora) was absent from wood regardless of enclosure status, but could be found on
inert substrates (with a peak in abundance at day 19 within non-enclosed conditions),
more commonly in enclosed conditions.
Enclosure dependent composition differences were noted primarily during the late stage,
such as more rapid Cellvibrionaceae abundance decreases within non-enclosed
conditions. Other heterotrophs such as Oligohymenophorea and Hypotrichia (both
Ciliophora) were more abundant on enclosed biofilms; whereas autotrophs, specifically
the Ochrophyta diatoms Bacillariophyceae and Fragilariales were more abundant under
non-enclosed conditions. Therefore, non-enclosed communities seem to select against
heterotrophs, while selecting for autotroph, specifically diatoms.
Significantly time associated family changes (Figure 8) matched phylum level patterns
(Figure 7) even though prokaryotic family patterns utilised a 3 % mean abundance cutoff to classify rare taxa (Table S5). Additionally, no strict prokaryotic autotrophic primary
producers could be identified, even though Cyanobacteria had previously been identified
within the phylum analysis.
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Figure 8. Significant family changes in response to biofilm age match phyla
patterns. The mean relative abundance of significantly prokaryotic (A) and eukaryotic
(B) families correlated with biofilm age are depicted with enclosed communities on the
left and non-enclosed on the right in a substrate dependent manner. Mean relative
abundance was calculated from pooled significantly correlated taxa and error bars
represent the standard error of the mean abundance based on biological replicates.
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4. Discussion
An in situ marine biofilm was used to identify microbial assembly mechanisms to provide
insight into the effects of both bottom-up and top-down selective pressures on microbial
compositions over time. The following text will discuss why this study supports the
hypothesis that early successions are driven primarily by bottom-up pressures (i.e.
substrate properties), but did not support equal influence of bottom-up and top-down
(large [> 100µm] predator presence) late community pressures. How late community
differences were driven primarily by top-down processes, and assembly mechanisms
switched from a bottom-up to top-down approach. Also conferred will be why a bottomup control analysis may be sufficient to assess drivers of early unstable communities,
while top-down controls are recommended when assessing established, stable
communities. Furthermore, the text will affirm how the inclusion of both bottom-up and
top-down selective pressures to assess compositions leads to increased explainable
variance, and allowed for an integrated understanding of microbiome assembly
mechanisms.

4.1 Rapid deterministic community successions decrease early stochasticity
4.1.1 Biofilm associated organisms are stochastically recruited from the surrounding
environment
Biofilm organisms are recruited from the marine environment’s rare biosphere, defined
as organisms found at very low abundances (e.g. < 1 % of the relative abundance) within
the environment (Jousset et al. 2017). The presence of low abundance organisms can be
difficult to detect as the presence of their associated reads can be masked by the large
numbers of high abundance organism reads, resulting in sequence detection limits. The
literature suggests marine biofilm organisms are recruited from surrounding marine
water, and could be identified with large fold increases, such as the 2-10-fold increase of
Verrucomicrobia, 5.5- and 2.7-fold decrease of Ciliophora and Bacteroidetes, and the 3-40fold increase of Planctomycetes we observed. However, only a small percentage (7.2-9 %)
of the identified biofilm ASVs were also found within the marine column community, and
overall dissimilarity to the initial marine community remained high (98.3 % ± 0.9 %). The
low numbers of shared ASVs and high dissimilarity are likely to be due to different
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conditions selecting for low abundance marine organisms. Such organisms may have life
strategies optimised for biofilm conditions. The rare biosphere commonly contains ASVs
not detected within the normal marine environment community due to sequence
detection limits, and acts both as a large and persistent microbial seed bank in the face of
disturbances or other condition changes (Lynch and Neufeld 2015; Sjöstedt et al. 2012;
Saleem, Law, and Moe 2016). The rare biosphere has also been shown to be an important
contributor to key processes within the ecosystem (Jousset et al. 2017). Differences in
the marine water and biofilm niches could also lead to the differential success and
organism abundances between the two communities.
The recruitment of marine organisms into biofilms is primarily a stochastic process. High
variability is indicative of a stochastic process, as selective pressures instead promote
specific organism growth. This study revealed increased variability for earlier diversity
and compositional patterns compared to later counterparts. Earlier communities were
more dissimilar when compared to each other, displaying increased variability between
early community compositions (Figure 4), whereas late compositions were less
dissimilar to each other and shared more ASVs (Figure 6). All biofilm dissimilarities were
larger than those of the surrounding water column (Figure S2), indicative of a stochastic
selection process during recruitment.
It is possible that organisms recruited from the water column community fill the available
ecological niches until community saturation (Måren et al. 2018a). Community saturation
refers to a maximum richness level associated with a particular environment and has
previously been thought to play a role in variance/stochasticity (Chase and Myers 2011).
However, the existence of saturated ecosystems remains heavily debated, with some
arguing that unsaturated communities are the rule rather than the exception (Mateo,
Mokany, and Guisan 2017).
Recruitment of organisms to colonisation surfaces is dependent on an organism to
surface encounter, and the subsequent ability of that organism to attach to the surface
(Costerton et al. 1987). High variability of diversity, and composition between timepoints
implies stochastic encounters, although chemotaxis also likely played a role especially
between different biofilm colonisation media (wood, etc) (Merritt, Danhorn, and Fuqua
2007; Pratt and Kolter 1998). The requirement for surface adhesion capability, a
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deterministic selective pressure, is most obviously seen in the recruitment of the
Planctomycetes phylum (Lage et al. 2014), which were found at relative abundances 340 times higher within biofilms compared to within the water column. Planctomycetes
growth occurs in a cycle of sessile and flagellated cells (Lage et al. 2014), where
flagellated cells are responsible for organism dispersion, while settler cells attach to
surfaces for the purpose of reproduction. These flagellated Planctomycetes swimmer
cells have been associated with chemotaxis and could explain the stronger increase
(Kostakioti, Hadjifrangiskou, and Hultgren 2013) compared to other taxa. Other highly
recruited organisms were also associated with surface attachment capability, such as
Bacteroidetes which have long been associated with the degradation of aggregate matter
and abiotic surfaces (Wexler 2007; McBride 2014; McIlroy and Nielsen 2014). Although
adherence may have played a role in early community composition, this selection factor
would have equally affected all biofilms, with no confounding association between it and
substrate or enclosure status effects. Any compositional differences would therefore be
due to stochastic recruitment, inherent substrate surface properties or enclosure
differences, rather than the attachment ability of settling organisms.
4.1.2 Larger energy requirements delay eukaryotic recruitment.
As prokaryotic and eukaryotic communities originate from the same biofilm, they should
share stages of succession, but this was not the case. Eukaryotes tend to be less
metabolically diverse than prokaryotes (Carlile 1982). Eukaryotes may be less
taxonomically diverse, particularly as eukaryotic richness tends to be lower than
prokaryotic richness (Tobias-Hünefeldt et al. 2019; Bengtsson et al. 2017; Ul-Hasan et al.
2019), as this study found. As a result, it is possible that fewer eukaryotes are capable of
biofilm formation compared to prokaryotes, although this remains untested. Eukaryotes
are still found within biofilm communities due to the associated advantages, although the
majority may experience delayed recruitments as opposed to the early colonisers
responsible for biofilm formation. Delayed eukaryotic recruitment may also be due to the
larger eukaryote-associated energy requirements, for example, the increased energy
requirement during replication due to increased mass compared to the generally smaller
and less structurally complex prokaryotes.
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In addition to reduced metabolic range, organisms from the Eukaryotic domain are
primarily larger organisms than archaea and prokaryotes. Specific evolutionary
adaptations have helped overcome the diffusion limitations that constrict archaea and
prokaryotic cell size (Marshall et al. 2012), at the cost of a higher energy requirement.
Although the exact relationship between size and metabolic rates remain controversial
(Agutter and Wheatley 2004). Heterotrophic organisms also suffer from trophic
inefficiency, defined as the energy loss that occurs when energy is transferred between
trophic levels, and may explain why large predatory organisms, such as Arthropoda,
could not be identified within earlier communities (Lindeman 1942). Both the increased
size and trophic inefficiency mean that heterotrophic eukaryotes require more biomass
to sustain their population, biomass that cannot be found within very early biofilms
(Antunes, Leão, and Vasconcelos 2019) .
The delayed eukaryotic recruitment is most obvious with a taxonomic assessment of the
biofilm composition over time, with low eukaryotic heterotroph abundance at day 7,
while prokaryotic heterotrophs are found at a higher abundance (Figure 7, 8). The day 7
eukaryotic compositional group could therefore represent a lack of eukaryotic
heterotroph recruitment, with the subsequent addition of heterotrophic eukaryotes at
day 14 contributing to the largest ecotone divider identified compositional shift. Intratimepoint dissimilarity analyses also show a rapid decrease in the mean prokaryote
dissimilarity from days 7 to 14, which was absent from eukaryotes, possibly as stochastic
recruitment was still ongoing (Figure 4). Additionally, a lower dissimilarity was found
between the eukaryotic water column and biofilm communities compared to their
prokaryotic counterparts (Figure 2C, 2D). Thus, there could have been two biomass
dependent recruitments to the biofilm community; one of primary settlers and smaller
organisms, and the other of larger predatory organisms.
4.1.3 Succession stages are distinct due to recruitment effects
Early communities have been shown to display decreased richness levels compared to
late, a possible artefact of biofilm recruitment. Early biofilms are enriched in organisms
specialised in substrate attachment (at et al. 1987). An increase in biomass and age could
be due to an increased number of filled ecological niches (A. C. Martiny et al. 2003), as a
sustainable and stable ecosystem (and therefore food-web) is established (Måren et al.
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2018b; Teles et al. 2012; Christie-Oleza et al. 2017). Sustainable ecosystems are often
dominated by select organisms (Tobias-Hünefeldt et al. 2019; Dini-Andreote et al. 2014;
Jiang et al. 2017), and are often less even than earlier ones, as was reflected in this study’s
evenness decrease over time.
4.1.4 Deterministic community successions result in community composition
convergence.
Community succession has been shown to result in two outcomes: divergence or
convergence, which can be identified by the variability between replicates and
compositional dissimilarity across conditions over time. Divergence refers to an increase
in community dissimilarity and variability over time, resulting in multiple stable
compositions even when the same selective pressures had been experienced (Johansen
et al. 2019). Convergence results in a single stable community composition when exposed
to the same selective pressures (Castle et al. 2016; Peay et al. 2017).
Community convergence has been identified across a vast variety of systems that show
increased early community variability, from the human gut microbiome to marine
systems. Human studies found that within 3 years post-birth the gut microbiome
resembled that of an adult, across socio-economic, geographic, and cultural settings.
Interpersonal composition variances were greater at a young age compared to between
adults, even though bacterial diversity increased with age (Yatsunenko et al. 2012).
Koenig et al, 2011, confirmed the smooth temporal relationship between phylogenetic
diversity and age, even when diet or health changes drastically altered compositions in a
predictable manner (Koenig et al. 2011). Bifodobacteria abundance decreased with
reduced milk intake as lactose became a smaller dietary component and therefore its
degradation became a less vital energy source (Koenig et al. 2011; Yatsunenko et al.
2012). Bioreactor tests showed the same trend, where increased selective pressures
resulted in decreased stochasticity (Van Der Gast, Ager, and Lilley 2008). Different
bioreactors were utilised as independent habitats and wastewater concentration
increases acted as a selective pressure. Increased wastewater resulted in taxa turnover
decreases, thereby decreasing stochasticity. In order to identify convergence, studies
must contain a time component to identify when a community shifts from highly
stochastic to more stable compositional patterns. For example, adult gut microbiomes are
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more stable than those of infants (Koenig et al. 2011; C. A. Lozupone et al. 2012). Stable
established communities are not limited to the human microbiome, heterotrophautotroph interactions are more consistent and sustainable in older as opposed to
younger systems (Christie-Oleza et al. 2017).
The increased stability over time that leads to convergence has been found to be
dependent on the species pool, the ecosystems connectivity, productivity, and selective
pressure strength. Previous studies have identified that habitats with small regional
species pools, high rates of connectivity, low productivity, and high disturbance are more
likely to result in multiple stable community equilibria, otherwise known as divergence
(Chase 2003). Habitats with a large regional species pools, low rates of connectivity, high
productivity and low disturbance are more likely to result in a single stable community
composition.
The present study confirmed increased early community variability with 4 measures:
ecotone assignment, richness and evenness analyses, and dissimilarity assessments.
Ecotone assignment determined that the earlier timepoints tend to separate into their
own group, with the exception of day 56 eukaryotic samples that were identified as group
3 (Figure S6). The late development stage forms a more stable group with less differences
between their compositions, whereas early communities, with their rapid shifts, show
larger differences and therefore more distinct compositions. Richness and evenness
standard deviations decreased over time, although richness differences were larger than
those associated with evenness (Figure 3). Intra-timepoint dissimilarity displayed mean
dissimilarity and standard deviation reductions within late biofilms compared to their
early stages. The reduction can also be seen in an NMDS plot, where the 95 % confidence
interval shrunk with increased biofilm age (Figure 5A, 5B). The increased late
compositional stability is indicative of the established food-web system with stable
interactions and increased numbers of filled ecological niches.
The demonstrated early to late stage convergence is likely due to continuous selection,
and therefore successions, over time. Community successions could be best visualised
with the NMDS plot, where a shift to the right was associated with increased biofilm age
(Figure 5A, 5B). Prokaryotic and eukaryotic NMDS1 coordinates were significantly
correlated with age, in addition to eukaryotic NMDS2 coordinates. The succession
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resulted in decreased dissimilarity across both substrates and enclosures as well as an
increase in the number of shared ASVs over both substrates and enclosures, even with
enclosure differences correlating better with compositional differences over time. It has
been noted that ASV sharing across enclosures is higher than across substrates. This
disparity is likely an artefact of the lower number of samples compared across the
enclosure status, often comparing 6 samples (enclosed and non-enclosed triplicates)
instead of 12 (triplicates of all four substrates). The community has also been shown to
steadily shift away from its early composition over time, moving towards a final
compositional pattern. Displayed with the rapid mean dissimilarity increase to early
compositions (Figure 5C 5D), while mean dissimilarity to day 56 compositions decreased
by 32 and 23 % for prokaryotic and eukaryotic community components, respectively
(Figure 5E, 5F).
Deterministic processes cause succession through continual filtering. Previous studies
have identified that successive selective pressures and therefore niche selection can
shrink the pool of available organism (Royo and Ristau 2013) and determine
compositional patterns (Nemergut et al. 2013; Dini-Andreote et al. 2014). The smaller
pool of available organisms must fill the increasingly large selection of ecological niches,
and thereby decreases compositional stochasticity with community age. Early colonisers
on inert substrates (plastic, glass, tile) are predominantly autotrophic as no inherent
nutritional source exists on these substrates. Meanwhile wood is more degradable by
heterotrophs and can still recruit autotrophs. As selective pressures act, the same
organisms are selected from the available pool of organism to fill identical functional
niches, as shown by the increased ASV sharing between both mesh status and substrates
over time. Functional niche sharing also explains how ASV sharing across enclosures
continues to increase over time when late community differences correlate best with
enclosure status.
The Proteobacteria Halieaceae are a good representative of functional succession. These
photoheterotrophs (Spring et al. 2015) are found at a lower abundance within wood as
they are outcompeted by other heterotrophs for wood associated organic molecules.
However, they are present at a higher abundance within inert substrates as other
heterotrophs may rely on organic carbon bonds for their energy requirements, while
Halieaceae utilise phototrophy. It is also possible that Halieaceae derives energy from
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autotrophic by-products which are more abundant within inert substrates with their high
autotroph abundance. The utilisation of autotrophic by-products also explains the late
stage Halieaceae increase across all substrates, with increased late community autotroph
biomass. However, this is speculation and further investigations must be conducted to
test the hypothesis.
Preconditioning has been shown to contribute to convergence (Pagaling et al. 2014).
Preconditioning in this study involves the marine habitat specialised microbial seed
bank, thus only marine column organisms can be recruited to fill ecological niches. A
predominant biofilm preconditioning factor is adhesive capability; in order to settle on
substrates, organism must be capable of surface adhesion (Costerton et al. 1987). Thus,
organisms such as Planctomycetes are selected. Smaller geographic ranges are commonly
less diverse as a distance increase has been linked with increased dissimilarity (Morlon
et al. 2008; Soininen, McDonald, and Hillebrand 2007), although the reason remains
debated (Bell 2010; Gibbons et al. 2013; J. B. H. Martiny et al. 2006; Hanson et al. 2012;
Peay, Kennedy, and Talbot 2016). Therefore, smaller geographical ranges should contain
similar physicochemical conditions and rare biosphere composition (i.e. microbial seed
bank). Similarly, the time of year has been shown to affect the more abundant and rare
biosphere composition (Alonso-Sáez et al. 2009) and therefore which organisms are
available for biofilm settlement. The combination of a geographically limited marine
dispersal, seasonal patterns, and the requirement for surface adhesion results in strong
early community preconditioning.
Dispersal did not noticeably contribute to the environmental community composition.
Biofilms are known to disperse their organisms via a range of processes including
sloughing (Lappin-Scott and Bass 2001; Paul Stoodley et al. 2001; S. Wilson et al. 2004)
and seeding (Ma et al. 2009; Boles, Thoendel, and Singh 2005). Previous studies have not
assessed the effects of dispersal on the surrounding community in an environmental
context. The release of organisms into the environment would have resulted in increased
ASV sharing and potentially decreased dissimilarity between the biofilm and
environmental community over time, but no such pattern was identified. An explanation
for the lack of dispersal effect on the water column includes the lack of released organism
activity, and sequencing detection limits. Only a small number of organisms are released
from the biofilm. These biofilm-associated organisms are unlikely to replicate within the
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pelagic environment as they prefer, or may even require, biofilm conditions to fulfil their
nutritional requirements. The low abundance and activity of dispersed biofilm associated
organisms paired with the much larger environmental range results in a much lower
chance of detection.

4.2 Top-down is the primary selective pressure of alpha diversity
The presence of mesh enclosures inhibited biofilm predation by higher trophic organisms
as they are predominantly larger predators. The presence/absence of these larger
predatory organisms caused diversity and compositional differences between enclosed
and non-enclosed communities. General predation is dependent on predator-prey
encounter rates directly proportional to relative abundance (Canter et al. 2018), as a
result evenness does not change as relative abundances remain unaffected. General
predation does affect richness, driving organisms below detectable limits. Selective
predation however, has been shown to increase and decrease diversity, depending on the
target organism and the relative abundance of the target and predatory organism
(Schoener and Spiller 1996; Menge and Sutherland 1976). These diversity effects are
dependent on the net number of repressed and enriched organism. While animal and
plant studies have assessed the effects of predation on diversity (Antiqueira, Petchey, and
Romero 2018; Holt and Lawton 1994; Schoener and Spiller 1996), the effects of predation
on microbial diversity remain relatively unexplored, but the underlying ecological
principles are unlikely to change. Previous studies have found that evenness increased
when targeting more abundant organisms (Canter et al. 2018), as less abundant
organisms easier to detect. Additionally, richness may also increase as detection becomes
easier. The opposite is also true, with decreased evenness when targeting rare organisms,
with a potential for organisms to drop below detectable limits and decrease richness
(Spiller and Schoener 1998). However, even then the effects of selective predation are
still variable. For example, when targeting abundant organisms, the previously rare taxa
may experience such large abundance increases that they dominate the community and
decrease the detection of other organisms, thereby decreasing overall evenness and
richness.
The present study suggests that predation decreased richness by targeting
predominantly heterotrophs such as Ciliophora and Bacteroidetes. As a result,
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autotrophs grew uninhibited, and thus numerically dominated, which masked the
detection of other organisms to result in an overall richness decrease. The presence of
enclosure dependent evenness effects indicates that selective predation occurred.
Heterotrophs are more abundant within enclosed communities, but were selectively
targeted by larger predators in non-enclosed biofilms that caused the noted evenness
decrease.
Low nutrient (i.e. inert substrate) environments drive increased resource competition,
resulting in less environmental niches and therefore a smaller pool of organisms above
detectable limits (as defined by current sequencing technology) compared to
comparatively higher nutrient (i.e. wood) environments (Huston and DeAngelis 1994).
Heterotrophs are capable of utilising the complex organic molecules that wood contains
(Reinprecht 2016). Inert substrate biofilms must instead rely on autotrophic production
to fulfil their heterotrophic community component requirements. Wood can also recruit
autotrophs, as a result wood contains more nutrients and niches than inert substrates, as
reflected in the increased wood richness. Increased topographic complexity (e.g. surface
roughness, groove number, and surface area) has been linked to an increased degree of
colonisation. An increased surface area means that a larger area is available for growth,
meanwhile grooves provide protection from shear stress and large predators (Characklis,
McFeters, and Marshall 1990). Increased protection and surface area increase the
number of organisms present and identifiable above sequencing detection limits.
Richness differences remain throughout the study, as wood is continually degraded and
inert substrate communities continue to rely solely on autotrophic production. Similarly,
wood displays decreased evenness compared to inert substrates due to the wood
community focus on heterotrophic degradation, such as Proteobacteria, capable of
degrading wood, and dominate its community regardless of enclosure status or age. It is
possible that inert substrates instead host more even communities as autotrophic
generation must occur to host a large abundance of heterotrophs, unlike wood where
organic carbon is available in larger quantities.
Diversity differences between substrates are predation-dependent, as diversity
differences between substrates could only be identified within either enclosed or nonenclosed communities, but not both simultaneously. A substrate richness difference was
found for early non-enclosed prokaryotes and late enclosed eukaryotes. Meanwhile,
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substrate evenness differences were present under all enclosed prokaryotic conditions.
Diversity differences between substrates were more obvious in enclosed conditions,
where predators are unable to prune communities compared to their predated
counterparts. No substrate dependent eukaryotic evenness effects could be identified,
potentially due to the eukaryotic lean towards predatory taxonomies. For example,
Ochrophyta are always present while predatory organisms such as Ciliophora may be
recruited regardless of substrate type due to their predation on autotrophic organisms.
Based on the identified diversity patterns, predation is the primary dictator of diversity,
with residual substrate level effects. These substrate dependent diversity differences are
more commonly identified under predator inhibited conditions, due to a lack of pruning
and selective predation.

4.3 Bottom-up differences drive early community composition
Bray-Curtis dissimilarity analyses within this study indicate significant composition
differences between wood and inert substrates. Statistical evidence in the form of
ANOSIM, PERMANOVA, and pairwise MANOVA tests showed that substrate differences,
rather than the enclosure status, could best explain compositional differences within
early communities (Table 1).
The increased surface roughness of wood may have led to increased colonisation and
therefore compositional differences. However, degradation differences likely played the
largest role in determining early compositions. Wood is the only material that degrades
on a timescale relevant to this study (56 days) (Reinprecht 2016; D. L. Kaplan,
Hartenstein, and Sutter 1979; Feeney, Curran, and O’Muircheartaigh 1992). Other
materials taking years to degrade naturally in the environment (Valentín et al. 2010;
Shashoua 2006; T. P. Silva, Figueiredo, and Prudêncio 2013; Carmona et al. 2005). The
degradation of wood provided an additional nutrient source and resulted in
compositional differences, as without an organic carbon source, inert substrate biofilms
are dependent on environmental carbon sources (e.g. CO2). The degradation of wood
requires lignocellulose degraders previously identified within the Proteobacteria and
Bacteroidetes phylum (Ransom-Jones et al. 2017; Bredon et al. 2018) that degrade wood
through the use of primarily aerobic mechanisms (M. A. Wilson et al. 1993). The present
study identified both phyla as major components of the wood associated microbial
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community, in addition to other small heterotrophs. Inert substrates also contain these
phyla but at much lower abundances. Inert substrate communities are instead
predominantly made up of autotrophs (i.e. Cyanobacteria, Ochrophyta), and identifying
significant compositional differences between inert substrates was rare, as the same
ecological niches (i.e. autotrophic production) are filled from the same microbial seed
bank.
Further taxonomic analyses at the family rank agree that organic carbon availability and
organism traits determined community compositions, and phyla trends. Euglenozoa
(otherwise known as Euglenida) have been identified at a higher abundance on wood
than on inert substrates, even though at the phylum level they are primarily
autotrophically inclined (Taylor and Sanders 2010; Maddison, Schulz, and Maddison
2007). However, a family level analysis showed the associated taxonomy to be the
heterotrophic Neobodonida (Del Giorgio, Gasol, and Kirchman 2018). Colwelliaceae, a
Proteobacteria family, are facultative anaerobes that specialise in chemoorganotrophy
(Ivanova, Flavier, and Christen 2004), and are therefore expected and found at a high
abundance within wood communities. Inert substrates also show high Colwelliaceae
abundances, but are twice as variable as their wood counterparts. It is possible that a
Colwelliaceae presence may depend on the presence of other organisms, potentially
heterotrophs, especially as the family is absent in non-enclosed inert substrate
communities but present within non-enclosed wood.
Even though Cyanobacteria were one of the most abundant phyla of the prokaryotic inert
substrate community, no autotrophic prokaryote families could be identified across the
study. Suggesting that Cyanobacteria were characterised by many different families all
present at a low abundance. Cellvibrionaceae are syntrophic organisms of autotrophs, this
means that they feed off of autotrophic products, as a result their detection is indicative
of autotroph presence (Xie, Lin, and Luo 2017). Cellvibrionaceae were identified primarily
from day 14 within wood communities while absent within inert substrate biofilms. It is
possible that inert substrates could not support their presence due to the more limited
organic carbon conditions the community must operate under compared to wood. Other
heterotrophic families could have outcompeted them, such as Phyllopharyngea, a
predatory and therefore heterotrophic Ciliophora, which are highly abundant within
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inert substrates. Meanwhile, eukaryotic autotrophs were highly abundant across the
study, both at the phylum and family level.
Phyllopharyngea could not be identified at high abundances within wood, but dominated
inert substrate communities. The absence of Phyllopharyngea could be attributed to
wood’s normally heterotrophic community, where the niche is already filled and the
addition of Phyllopharyngea therefore rebuffed. A better explanation considers the
degradation focus of the wood associated biofilm community. The Phyllopharyngea
family are made up of marine epizootes and algivorous organisms (Taylor and Sanders
2010), therefore, low autotroph abundances likely reduced the abundance of
Phyllopharyngea. The above evidence shows that organic carbon availability acts as an
environmental filter, promoting the growth of heterotrophic degraders on a degradable
substrate. However, it is important to remember that surface roughness may still have
played a role.
Substrate differences decrease over time due to increased community density. Early
biofilms are sparsely settled, while late biofilms have previously displayed community
heterogeneity in response to increased biofilm density (Stewart and Franklin 2008). This
phenomenon is based on dilution limitations, where organisms further away from the
substrate cannot utilise the diffusing degradation products as they are used up by closer
organisms (Stewart 2003). As a result, different biofilm layers exist, one made up of
organisms close to the diffusing molecule and able to utilise degradation products, and
another further away that cannot do so. Biofilms grow on the substrate surface while the
diffusing molecule originates from the degrading substrate, specifically wood. Early wood
associated organisms can utilise wood’s diffusing molecules, while inert substrate
community members must rely predominantly on the autotrophically produced
nutrients derived from settled organisms. Biofilm density increases lead to decreased
molecule availability; thus, outer community members must now rely on autotrophically
produced nutrients. Inert substrate biofilm density also increases over time, and
autotrophic organisms must remain exposed to light in order to utilise their autotrophic
potential. Meanwhile deeper aphotic layers are likely to recruit heterotrophic organisms,
until community heterogeneity compositions across all substrates closely resembled
each other, with the exception of the additional carbon source influence. Therefore, the
acquisition of community heterogeneity likely resulted in a slow decrease of substrate to
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substrate differences, as substrate properties are no longer as critical in determining
community composition.

4.4 Top-down selective pressure determines late community composition
Selective predation is the primary determinant of late community compositions. Wilcox,
pairwise Wilcox, ANOSIM, and PERMANOVA tests have all shown that late richness and
composition patterns are best correlated with the enclosure status rather than
differences between substrates (Figure 3, S7; Table 1). Late enclosed communities were
dominated by heterotrophs such as Ciliophora and Arthropoda, whereas non-enclosed
conditions, where predation from larger organisms can occur, exhibited increased
autotroph levels (such as Ochrophyta and Cyanobacteria). The compositional differences
across the enclosure status are due to the preferential predation on heterotrophic
organisms.
Higher trophic levels preferentially target heterotrophs as they are more nutritious and
therefore a more important energy source compared to autotrophs. Autotrophs display
weakly homeostatic stoichiometric C:P (carbon to phosphorous) and C:N (carbon to
nitrogen) ratios, and commonly reflect environmental stoichiometric ratios (Iv et al.
2008; Hessen et al. 2013). Heterotrophs are more homeostatic and contain lower C:P and
C:N ratios that are commonly divorced from the environment (Hessen et al. 2013; Iv et
al. 2008). The difference in variability is attributed to the variety of carbon, nutrient, and
energy sources autotrophs use, which result in a larger chemical variability, whereas
heterotrophs tend to only utilise living or recently living sources (Sterner and Elser
2008). The living and recently living sources exist within much narrower ranges, and
therefore heterotrophs display a comparatively stable stoichiometric homeostasis.
However, stoichiometric variability does not depend solely on primary carbon sources,
and may also be due to: 1) a lack of specialised storage vacuoles in animal cells, as
opposed to algal and other autotrophic organisms. 2) Phosphorous limited conditions
that lead to increased stoichiometric flexibility (Godwin and Cotner 2015). 3) A slower
growth rate that has been linked to a more flexible stoichiometry (Hillebrand et al. 2013;
Makino and Cotner 2004).
The predation preference on heterotrophs results in a closer relationship between
heterotrophic organisms and larger predators (Yang et al. 2018). This closeness may be
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because the preferred prey contains a closer match to the predators own energetic and
nutritional requirements. The preference for specific prey has previously been identified
between Arthropoda and Ciliophora (Broglio et al. 2004), and between protists (i.e.
nanoflagellates) and bacterial organisms (Yang et al. 2018). In addition to the Ciliophora
relationship with Arthropoda, a predation chain may exist within this study, based on
known behaviours, prey selection, and identified inverse relationships. Autotrophic
Ochrophyta are recruited to the substrate surface, grow, and are then consumed by
Ciliophora, which are in turn eventually consumed by Arthropoda. Arthropoda then
provide a link to larger predators that were not captured within this study, such as
harbour fish.
At the phylum level, eukaryotic organism patterns are more strongly linked with
enclosure effects than those of prokaryotes. Possibly due to the larger size of eukaryotes
and that the identified organisms were primarily predators, and preferentially targeted.
However, the narrower eukaryotic metabolic range compared to the immense
prokaryotic metabolic diversity some phyla display may also play a role, i.e.
Proteobacteria (Wagner et al. 2006; Frigaard et al. 2006; Yamamoto and Takai 2011). The
narrower range could therefore lead to more noticeable phylum shifts when conditions
change.
A lack of autotrophic consumption under enclosed conditions would result in autotrophs
dominating late community compositions, such as Cyanobacteria and Ochrophyta (Figure
7), specifically Bacillariophyceae (Figure 8). While individual families such as
Fragilariales may experience abundance decreases under both enclosed and nonenclosed conditions, the autotroph/heterotroph patterns remain distinct. Fragilariales
abundance decreased by 11 % within enclosures, while only by 3 % in non-enclosed
conditions. The smaller decrease means that Fragilariales are 5 % more abundant under
non-enclosed versus enclosed conditions.
Heterotrophs are preferentially targeted by predators to cause rapid abundance
decreases. Rhodobacteraceae, a Proteobacteria family, are composed of primarily aerobic
photo- and chemoheterotrophs (Pujalte et al. 2014). Only a single abundance spike was
noted under non-enclosed conditions, whereas enclosed conditions exhibited a spike and
then a slow decline. Just as Cellvibrionaceae, from the Proteobacteria phylum, abundance
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decreased within late non-enclosed wood communities while enclosed conditions
retained higher levels with a more gradual decrease. The heterotrophic Ciliophora
families were notably more abundant under late enclosed conditions, whereas late nonenclosed

conditions

were

instead

dominated

by

Ochrophyta

(specifically

Bacillariophyceae).
Mitochondrial sequences have previously been associated with a eukaryotic presence
due to endosymbiosis. Higher mitochondrial abundance, as was noted under nonenclosed conditions, could therefore be associated with the presence of eukaryotic
organisms, or a lack/decrease of their degradation. Degradation differences could be due
to possible cellular stability differences, as eukaryotes contain membrane encased
organelles, unlike prokaryotes. A lack of literature on prokaryotic and eukaryotic cellular
stability leaves this unanswered. Mitochondrial presence may also be due to the presence
of a close relative of the originally integrated alpha-proteobacteria, such as an organism
from the Rickettsiales and Holosporales orders (Muñoz-Gómez et al. 2019). The alpha
proteobacteria class, where these orders can be found, is a highly diverse and abundant
globally distributed group of organisms (Spain, Krumholz, and Elshahed 2009; Yilmaz et
al. 2016). Therefore, it is unsurprising that this study identified a mitochondrial lineage
during 16S rRNA amplicon sequencing.
From the early to late successional stages predatory organisms increased in abundance.
From the early to late succession stages Ciliophora increased from a mean abundance of
1.9 to 31 % of the eukaryotic community. The same pattern was apparent at the family
level,

where

the

identified

Ciliophora

family

members,

Oligohymenophorea,

Phyllopharyngea, and Hypotrichia, tend to make up a larger proportion of the enclosed
community over time. Ciliophora are bacterivorous organisms that target organisms
smaller than themselves in two ways: direct predation and absorption (Taylor and
Sanders 2010). The identified Ciliophora family members, Oligohymenophorea,
Phyllopharyngea, and Hypotrichia, tend to utilise direct predation and are a mixture of
microphagous (with no prey preference), marine epizootes, and algivorous (Taylor and
Sanders 2010), and therefore their increased abundance over time is expected. Of
interest is the presence Arthropoda not only in the non-enclosed but also within enclosed
conditions, since Arthropoda should have been excluded based on their size. Their
presence may be due to the smaller egg/larvae size, which can fit through the mesh and
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then hatch. This would also explain their delayed presence in comparison with nonenclosed conditions.
Large organisms are usually recruited to more mature and therefore later communities
(Antunes, Leão, and Vasconcelos 2019) with more biomass. This delay has been
repeatedly proven with the increased recruitment of Hydroides elegans larvae to older
biofilms (Huggett, Nedved, and Hadfield 2009; Chung et al. 2010; Shikuma and Hadfield
2005), as well as this study’s lack of bacterivorous organisms within early communities.
The biomass requirement to support predatory organisms has also been identified within
dental plaques. Early settlers colonise the surface, followed by a rapid biomass increase,
and only then does the community develop a sustainable food-web with predatory
organisms (Teles et al. 2012).
Community aging lead to an increase in non-predatory heterotrophs (Figure 7, 8) such as
Bacteroidetes. A diverse taxonomic range of Bacteroidetes have been observed to display
an attachment lifestyle to aggregated debris (Amin, Parker, and Armbrust 2012; Bennke
et al. 2013; Buchan et al. 2014; Fernández-Gómez et al. 2013; Williams et al. 2013) such
as Ochrophyta or Cyanobacteria (M. W. Smith et al. 2017) as well as abiotic surfaces (F.
Thomas et al. 2011a). The identified Bacteroidetes families Saprospiraceae and
Flavobacteriaceae

increased

in

abundance

over

time.

Both

families

are

chemoorganotrophs that utilise predominantly aerobic respiration and are capable of
complex organic matter degradation (McBride 2014; McIlroy and Nielsen 2014).
Therefore, their increased abundance may be linked to increased community complexity
and metabolic end- and by-product complexity increases.

4.5 Community succession model
This study found that communities develop in two primary stages: early and late. Based
on the relative correlation strength, community development at each of these stages
corresponded to a particular selective pressure. With the consideration of compositional
relative abundance changes it was possible to develop a microbiome assembly model
(Figure 9).
Coloniser surface settlement is primarily a stochastic process once deterministic
requirements such as surface adherence have been satisfied, and results in variable
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communities. Prokaryotes make up the majority of primary colonisers, and are
predominantly responsible for biomass increases until early eukaryotic recruitment can
occur, which follows the same stochastic trend. A lack of selective pressures would lead
to equally variable communities throughout the study, with no large compositional
changes as no organisms are selected for (Figure 9A). However, this study found that the
presence of degradable material (high organic nutrient conditions) promoted the growth
of heterotrophs, while low nutrient environments promoted autotrophic growth, thereby
affecting compositional patterns in a bottom-up (i.e. substrate surface property)
dependent manner.
Following early selection, communities are unstable and rapidly shift in response to
successions and continuous niche development. Successions over time result in
decreased variability as similar organisms are recruited and convergent communities
form, where nutritional requirements are met through a sustainable food-web. If only a
single selective pressure determined community composition then over the course of the
study no more large compositional shifts would be detected, while variability between
replicates would continue to decrease (Figure 9B). This study found that top-down (i.e.
predation) selection followed the earlier bottom-up selection. The top-down filtering
event could have built on the bottom-up dependent compositional patterns and both
selective pressures would be equally important in determining composition (Figure 9C).
However, this was not the case as the late compositional patterns were not equally
correlated with both selective pressures. As niches saturate and biomass increased, early
bottom-up differences shrunk, while top-down influence increased to cause successive
filtering (Figure 9D, 9E). These findings agree with previous micro-aggregate
experiments (Datta et al. 2016) where early communities selected for motility and
degradation ability. Meanwhile, late compositions were dominated by secondary
consumers under non-enclosed (i.e. predators remained present) conditions.
To summarise the model, following stochastic settlement autotrophic organisms capture
inorganic nutrients and convert them to organic nutrients usable by heterotrophs. The
increased autotroph associated biomass leads to increased heterotrophic biomass in a
bottom-up dependent manner. Increased heterotrophic biomass results in a second
round of recruitment, this time attracting large predatory organisms from higher trophic
levels (Figure 9E). Heterotrophs are preferentially targeted due to their decreased
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stoichiometric variance and closer match to predatory stoichiometry. Predation on
heterotrophs results in increased autotroph abundance and subsequent top-down
dependent compositional differences.
Both bottom-up and top-down selective pressures contribute to the identified
community variance and compositional patterns. Therefore, no single assembly
mechanism drives all compositional changes, even though many studies persist in
assessing bottom-up and top-down control mechanisms in isolation. Top-down selective
pressures are more often ignored within the literature, when this study has shown that
top-down selective pressures can explain 5-50 % of the total community variance. The
integration of bottom-up and top-down controls made it possible to identify the
contributing factors that lead to the marine biofilm community composition. Thereby
closing the previously present literature gap as the underlying community assembly
mechanisms are better understood.
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Figure 9. Four potential models of assembly community mechanism. Four hypotheses
regard how community selection may be affected by the effects of bottom-up and top-down
selective pressures. For each row (A-D) the left panel gives a visual description of the
selection events leading to the final community outcome, while the right panel gives an
example of how an organism’s relative abundance and standard error may be affected over
the course of the study. Hypothesis I (A) displays a neutral model with no selective pressure
influence, so community stochasticity and an organisms abundance does not change over
time. Hypothesis II (B) shows the effects of a single selective pressure over time, decreasing
standard error while mean abundance remains unaffected. Hypothesis III (C) describes the
effects of sequential and equal selective pressures. Here standard error decreases over time,
while an organism’s mean relative abundance changes in response to the different primary
selective pressure. Hypothesis IV (D) describes the effects of sequential but unequal
selective pressures. Community compositions by the earlier selective pressure are
overwritten by the next one, all the while an organisms variability between replicates
decreases over time. Also included is the abundance pattern of Arthropoda and Ciliophora
under enclosed glass conditions over the course of the study (E).
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4.6 Limitations of the study
This study, while utilising the best methods currently available, contains a series of
limitations that may affect data interpretation: 1) light availability and shear stress
differences have previously been associated with mesh presence, 2) wood is both the
roughest and only degradable material based on the study timeframe, 3) viruses cannot
be excluded using a single 100 µm mesh, and 4) habitat specificity may affect the
applicability of this research into the wider field of microbial ecology. Still, this study can
still fulfil its purpose and represent a valid and significant contribution to better
understand the underlying ecological principles of microbiome assembly mechanisms.
Mesh-associated light availability decreases represent the biggest experimental
limitation and may have affected the study in two ways: 1) the mesh itself blocking light
as an intrinsic property (Nielsen 2001), and 2) growth on the mesh blocking more light
over time. While the enclosure status was shown to significantly correlate with early
compositional differences, substrate choice was the primary selective pressure driving
early compositional patterns. An intrinsic light availability bias due to mesh presence
would have been evident throughout the study, and not contained to the late succession
stage. Biofilm growth on the mesh itself can have two possible effects on autotrophic
organisms. Either a slow decrease due to a gradual thickening of the associated mesh
biofilm, or a sudden autotroph decrease as a threshold is reached and the ecological niche
within the substrate biofilm vanishes as light availability is blocked. Neither scenario was
consistently evident in this study (Figure 5, 6; Table S4). Only Florideophycidae
experienced a sudden abundance decrease at day 14, but an Ochrophyta increase occurs
at this point and is present within both enclosed and non-enclosed conditions. The
evidence suggests that the trend of substrate to enclosure specific communities remains
independent of potential light availability effects. Yet, it is likely that light availability still
played a role in driving some of the compositional patterns, especially autotroph
decreases due to biofilm growth on mesh enclosures.
Mesh enclosure may have also caused community changes due to a reduction in shear
stress from the marine current during tide and wave action. However, shear stress acts
via biomass removal and equally affects all organisms (Rittman 1982). Equal biomass
removal would leave relative abundances unaffected, whereas this study identified
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significant relative abundance changes. Shear stress has also been associated with a
decreased maturation rate. Although eukaryotic maturation rate differences could not be
assessed, non-enclosed prokaryotes displayed a decreased maturation rate of 0.01 and
0.02 % per day when comparing dissimilarity to day 7 and 56. Maturation rates from day
7 enclosure status specific compositions were calculated to determine the extent of the
dissimilarity following recruitment and settlement, while a day 56 comparison measures
how quickly a community matures into its final measured composition. These maturation
rate differences are of questionable biological relevance. Over the length of this study (56
days), maturation rate differences result in a maximum compositional difference of 5.6
and 11.2 %, when prokaryotes are a mean 61 % dissimilar at day 56. Therefore, the
majority of the dissimilarity is due to alternative sources and not shear stress induced
maturation rate differences.
Wood is both the roughest and only degradable substrate within this study. These are
inherent components of the material and cannot be separated, unlike the man-made
plastic, glass, and tile which may contain variable surface properties. However, the effects
of roughness and degradability are distinct and different. Increased material roughness
provides more protection from shear stress and predation, and more surface area for
colonisation and growth. Meanwhile, increased degradability promotes heterotrophic
growth as organic materials are degraded to obtain organic nutrients (Chow et al. 2014;
Rajput et al. 2019; Ofiţeru et al. 2010; Pereira e Silva et al. 2012). Therefore, while the
surface properties of wood are intrinsically linked, previous studies have identified
distinct effects and enabled this study to quantify the effects of substrate roughness and
degradability separately.
A 100 µm mesh enclosure fails to exclude viruses, retaining the influence of viral
infection. Viruses can still move through the enclosure, as even the largest known virus,
an amoeba virus called Pandoravirus, is 1/100th the size of a single pore with a diameter
of 1 µm (Philippe et al. 2013). However, viral influences would be consistent across both
enclosed and non-enclosed conditions, especially as dispersion also remains equal
between the enclosure status. Therefore, due to their ubiquitous presence viral
influences are unlikely to have affected the underlying assembly mechanisms.
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Habitat specificity would restrict the relevance of this study from the field of microbial
ecology to in situ marine biofilms. However, if habitat specificity concerned the
underlying ecological principles then all habitats would be under unique community
assembly rules. It is more likely that studies often miss essential components of the
ecosystem that may affect assembly and explain habitat differences. This is another
limitation of this study, as no direct predation estimates or events were captured, no
empirical evidence could confirm increased predation on heterotrophs. Missed habitat
differences are especially common for marine environments, where dispersion is easy
and as a result habitat specificity is harder to capture, unlike within more static
environments (e.g. soil). For example, different habitats have shown increased (Holt and
Lawton 1994; Saleem et al. 2012) or decreased (Antiqueira, Petchey, and Romero 2018)
richness in response to predation. The variable effect has since been attributed to
predatory selectivity (Canter et al. 2018; Saleem et al. 2012), where the role of the preyed
upon organism in the community determines the effects its reduction or loss may have
on the net number of enriched and repressed organisms and therefore richness.
Therefore, a study tightly linked to the underlying ecological framework is more likely to
be comparable across habitats.
All beta-diversity measures were based solely on taxonomic composition without
accounting for the phylogenetic relatedness of observed taxa (Bray and Curtis 1957).
Other methods, such as UniFrac include the relatedness based on a phylogenetic tree and
would have been more informative in terms of similar communities (C. Lozupone and
Knight 2005). So that sharing closely related organisms would decrease community
dissimilarity.
While limitations were present, this study was still capable of advancing the
understanding of community assembly mechanisms by simultaneously testing the effects
of different substrates and enclosure conditions over time. However, future studies could
test the robustness of this design as well as the ecological theories generated using
another approach and habitat.

4.7 Future directions
This study has identified predation to be the primary driver of late microbiomes, however
the implementation of predator removal could be improved. Predators may be excluded
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by blocking their presence from an area rather than just the substrate itself, at the cost of
potential dispersion, and therefore settlement, differences. The best solution would have
included the addition of light occlusive boxes with holes for predator entry around both
enclosed and non-enclosed substrates to make mesh dependent light differences
irrelevant. Future experiments could also include a predator removal and reintroduction
component to test the relative influence of predation on assembly mechanisms, however
the implementation is challenging.
Biofilms have 5 stages of development, initial attachment, permanent attachment,
maturation, and dispersal, and each of these stages has previously been associated with
a unique community composition (Teles et al. 2012; Zevina 1994; Dang and Lovell 2016).
To capture the associated community successions, compositions would have to have been
tested well before day 7. As initial and permanent attachment occurs within days, which
is much too short a timescale to be identifiable within this study (Antunes, Leão, and
Vasconcelos 2019; Kostakioti, Hadjifrangiskou, and Hultgren 2013). However, early
biofilms contain lower levels of biomass (Antunes, Leão, and Vasconcelos 2019), and may
not have sufficient levels for accurate or reliable DNA analysis. It is likely that community
maturation and dispersal were captured, although dispersal may not have large
compositional effects as it concerns the release of organisms from the biofilm into the
surrounding environment.
To assess what may affect habitat specificity of the in situ marine biofilms, future testing
could identify what larger predators (higher trophic levels) are present within Dunedin
Harbour, as well as associated physicochemical parameters. This could be done with the
use of eDNA to identify larger predators, a CTD or equivalent to quantify measures such
as salinity and temperature, additional equipment to measure other physicochemical
parameters (e.g. pH and oxygen), and a quantification of environmental nutrient levels
(e.g. dissolved organic carbon, phosphate). The identification of additional parameters
can be used to identify potential interactions between them and the identified
microorganism from this study to build a clearer and more comprehensive model of what
contributes to community assembly. For example, an increase in dissolved organic matter
could lead to increased heterotroph presence, just as a lack of nutrients could lead to a
longer, or even indefinite, early phase composition in the case of insufficient biomass to
support a stable large predator presence (Lindeman 1942).
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By accounting for and quantifying more physicochemical and biological environmental
components (e.g. seasonality effects that could drive community composition) it may
even be possible to one day build a comprehensive model of community assembly that is
capable of predicting compositions. Additionally, by understanding the effects that
assembly mechanisms have on communities it becomes possible to manipulate them into
desired outcomes via selective pressures. This knowledge and application is essential as
microbial life is fundamental in a wide range of fields, from human medicine (Gbejuade,
Lovering, and Webb 2015), to wastewater treatment (Nicolella, Van Loosdrecht, and
Heijnen 2000).
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6. Appendices
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Figure S1. Prokaryotic and eukaryotic organism rarefaction curves. Mean observed
richness was identified in response to sampling depth for prokaryotes (A) and eukaryotes (B),
with 10 replicate rarefaction and richness determination events. Different colours represent
biofilm age, and error bars represent the standard deviation of individual sample replicates.
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Figure S2. Water column communities are stable over time. Mean Bray-Curtis
dissimilarity between all prokaryotic and eukaryotic water column communities was
assessed in a timepoint specific manner (i.e. all day 7 communities are compared to all
day 7 communities, and all day 14 to all day 14, etc.).
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Figure S3. Significant water column phylum compositional patterns over time. The
mean relative abundance of significantly prokaryotic (A) and eukaryotic (B) phyla
correlated with time during the study is depicted with prokaryotes on the left and
eukaryotes on the right. Mean relative abundance was calculated from pooled
significantly correlated taxa and error bars represent the standard error of the mean
abundance based on biological replicates.
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Figure S410. Biofilm communities rapidly diverge from marine column
compositions. The mean Bray-Curtis dissimilarity between biofilm and day 0 water
column communities are shown over the course of the study (C-D) in an organisms (i.e.
prokaryotes and eukaryotes) and substrate dependent manner. Error bars represent the
standard error of the mean dissimilarity.
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Figure S511. ASV sharing between biofilm and
water column communities remained low. The
number of prokaryotic and eukaryotic organisms
(i.e. ASVs) shared between biofilm and water
column communities was assessed.
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Figure S6. The younger the community, the more distinct. The transition zone
between biofilm successions were determined using an ecotone divider analysis, for both
the prokaryotes, shown in the left panel, and eukaryotes, shown in the right panel. To
facilitate analysis, the ecotone analysis was done using biofilm age as a distance proxy.
Colours represent individual groups, where the tested number of groups can be
determined by the number of distinct colours.
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Figure S7. The late succession stage showed large enclosure dependent
compositional differences. NMDS ordination of biofilm prokaryotic (A) and eukaryotic
(B) organism’s beta-diversity, was separated by and shape. Colours separate the early
(black) and late (red) succession stages, surrounded by 95% confidence interval ellipses.
Meanwhile shape represented the enclosure status, where hollow diamonds represent
non-enclosed conditions, while filled circles represent communities under enclosed
conditions.
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Table S1. Sample replication throughout study. Sampling replicates from Dunedin
Harbour over the course of the study, separated by time, substrate, and enclosure
condition.
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Table S2. Read retention throughout dada2 pipeline. The number of reads from each
sample that passed each step of the dada2 pipeline. Both the number of prokaryotic (i.e.
16S) and eukaryotic (i.e. 18S) reads are depicted.
Table S3. Prokaryotic cluster assignment. Silhouette analyses assigned samples to
groups and calculated silhouette width to determine the optimum number of groups that
all prokaryotic communities can be assigned to, the number of tested groups was from 2
to 6. Depicted is the group each individual sample was assigned to as well as the
associated silhouette width.
Table S4. Eukaryotic cluster assignment. Silhouette analyses assigned samples to
groups and calculated silhouette width to determine the optimum number of groups that
all eukaryotic communities can be assigned to, the number of tested groups ranged from
2 to 6. The group each individual sample was assigned to as well as the associated
silhouette width are depicted.
Table S5. Significant taxonomic changes over time. Significant relative taxonomic (i.e.
family) changes in response to biofilm age separated by substrate and enclosure status.
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