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Abstract

Marine microalgae are photosynthetic microbes that are a potential source of
fuels, animal feed, and other specialized products. Large scale cultivation of microalgae
occurs in open, outdoor raceway ponds, which are exposed to the natural environment
and these cultures quickly become a complex milieu of microbes. Microalgae interact
with attached and free-floating bacteria found in their medium, with both positive and
negative outcomes. To investigate the diversity and dynamics of microbes associated
with these systems, samples were collected during multiple growth cycles of two
biofuel-relevant microalgae strains, Desmodesmus sp. and Oocystis sp. in ~4,500 L outdoor
raceway ponds. Microbiome community composition and diversity was dramatically
different between ponds from the two algae and from the natural microbiome of the
treated seawater used in pond medium. In spite of variable environments, the pond
microbiomes were most similar to their inoculum PBR (photobioreactor) communities
suggesting the importance of priority effects or environmental conditioning by the host
algae. Ponds when both algae strains were grown were dominated by Rhodobacteraceae
and Saprospiraceae while unhealthy microbiomes were dominated by Cytophagaceae and
Puniceicoccaceae. Microbiome change was variable over time and resulted in different
community structures at the time of algae harvest. Variation in the microbiome

community structure was driven by the strain of algae grown, time, pond temperature
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and percent oxygen saturation. These results provide insight into this industrial ecology

and are a foundation for future microbiome research to improve microalgae production.
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1. Introduction

Marine microalgae (phytoplankton) are single celled, photosynthetic organisms that
account for roughly half of all global primary production (Behrenfeld et al. 2001). In
both natural and laboratory environments, microalgae do not typically grow axenically,
but are part of a broader microbial community. In algae cultures, bacteria attached to
algae cell surfaces vary significantly even between closely related microalgae lineages
(Baker and Kemp 2014). For example, the relationship between diatoms and their
associated attached bacteria is not stochastic (Baker and Kemp 2014) and are limited to
only a few genera (Amin et al. 2012). Diatoms can even “cultivate” bacteria by releasing
organic-rich compounds for their surrounding bacteria. Interactions between
microalgae and surrounding bacteria can be synergistic, competitive, or parasitic (Amin
et al. 2012). These interactions are found in both the natural environment and laboratory
cultures and can dramatically affect microalgae growth.

While microalgae and their microbiomes may interact in many ways, it is generally
thought algae benefit from the presence of bacteria in co-culture due to their synergistic
interactions via symbiotic relationships (Jutson et al. 2016). For example, bacteria can
recycle extracellular algae products into micronutrients (Bell and Mitchell 1972).
Bacteria can be the source of some micronutrients such as vitamin Bi2 (Kazamia et al.

2012) or fix nitrogen into a bioavailable form (Foster et al. 2011). In exchange for a



supply of dissolved organic carbon (DOC) certain types of Gammaproteobacteria produce
compounds that have a high affinity for soluble iron, another important micronutrient
for microalgae (Amin et al. 2012). Some bacterial phylogenetic groups have specificity to
DOC produced by different microalgae strains (Sarmento and Gasol 2012) and
differences in the type of algae-derived DOC can lead to different functional responses
in the microbiome (Beier et al. 2015). Close associations between certain types of
bacteria and algae have been observed and some bacteria even release antibacterial
compounds to prevent competition from other taxa (Baker and Kemp 2014), thus
altering the broader microbiome. Alternatively, some microalgae are dependent on co-
occurring microbes to perform certain lost metabolic functions. For example, the
marine microalgae Prochlorococcus can survive without an oxidative stress response gene
because its surrounding bacteria reduce the accumulation of hydrogen peroxide (Morris
et al. 2012).

Other microbes can have negative effects on microalgae via parasitic or competitive
interactions. For example, Phaeobacter gallaeciensis, a type of bacteria which releases
selective algaecides in the presence of aged algae cells, becomes a pathogen of its algal
host (Seyedsayamdost et al. 2011). Other bacteria associated with red tide causing algae
(e.g. Alteromonas sp. and Thalassobius aestuarii) induce cell lysis by releasing algicidal

compounds (Wang et al. 2010). Some predatory bacteria, such as Bdellovibrio



chlorellavorus, attack the surface of the algae cell often resulting in color change of
Chlorella from a healthy green to yellow-green prior to death (Coder and Starr 1978).
And more generally, bacteria, which have greater surface area to volume ratio, can also
impede microalgae growth through competitive interactions by consuming nutrients
more efficiently than algae (Amin et al 2012).

Microbial community dynamics are driven by two major categories of ecological
processes: deterministic and stochastic. Deterministic processes are ecological
mechanisms that change the taxa of a community in a nonrandom, predictable way
often based on the organisms’ ecological niches (Chase and Myers 2011), and/or priority
effects (Fukami 2015). Host selection of bacterial communities in biofuel-relevant
microalgae strains (Kimbrel et al. 2019) and selection based on environmental
parameters (Lozupone and Knight 2007) are examples of how deterministic processes
impact microbiome community structure. Priority effects occur when the order and
timing of species introduction to a system create lasting effects in the future structure
and function of that community (Chase 2003, Fukami 2015). Studies focused on priority
effects in microbial communities have found that inoculation history is important for
determining freshwater bacteria community structure (Rummens et al. 2018); early
invasions by non-local bacteria are more successful than invasions in well-established

communities due to priority effects (Rivett et al. 2018). Conversely, stochastic processes



are ecological mechanisms that randomly alter community structure in a non-
deterministic way (Chase and Myers 2011). Examples of stochastic processes include
drift, random deaths, diversification, and dispersal (particularly for non-motile
organisms such as bacteria). Some studies have found that stochastic processes play
important roles in community assembly as well, such as in a groundwater microbial
community responding dynamically to nutrient flux (Zhou et al. 2014). Both stochastic
and deterministic processes have been shown to be important in driving changes in
microbial community structure in a variety of systems (Zhou and Ning 2017).

Marine microalgae are an exciting candidate for the sustainable production of
biofuel, feed and other natural products because of their fast growth rates and ability to
be grown in saltwater on non-arable land. Although algae have been shown to grow
well using current mass cultivation techniques (i.e. raceway ponds), there remain
substantial barriers to broader commercialization including high water usage, low
productivity, inefficient harvesting methods (Bhujade et al. 2017) and contamination of
invading weeds or predators (White and Ryan 2015). The microbiomes of microalgae
can dramatically influence their productivity and can aid in crop protection (Lindemann
et al. 2016). For example, a recent study demonstrated addition of nitrogen reducing
bacteria to a photobioelectrical system improved system output at higher nitrogen

loading concentrations (Luo et al. 2020). Another recent study found that the



microbiome of the algae Microchloropsis salina assisted in protection against algal
predation by a marine rotifer (Fisher et al. 2019).

Synthetic bacterial communities can lead to predictable responses in plant hosts,
such as changes in plant phosphate content (Herrera Paredes et al. 2018), which shows
promise for microbiome science to improve biotechnology and agricultural practices.
There is interest in manipulating the microbiome of algal cultures in order to improve
productivity or stability of raceway pond systems, and researchers have argued for
increasing efforts to engineer microbiome communities rather than focus on promoting
individual microbes (Lindemann et al. 2016). Thus, similar to natural systems, it is
important to understand the dynamics of microbiome change in algae-bacteria
communities so that these communities could be optimized for large-scale algae

cultivation.

1.1 Study Objectives

The aim of this thesis is to describe the dynamics and environmental drivers that
shape microbial community structure in an industrial-relevant, outdoor marine
microalgae raceway pond system. Specifically, the goals of this research are to (1)
compare the raceway pond microbiomes to the microbiomes of the input sources used to
inoculate them, (2) identify the dominant bacterial taxa associated with two biofuel-

relevant microalgae strains, (3) describe how the pond microbiomes change with time,



and (4) identify the environmental parameters that drive variation in pond community

structure.



2. Methods
2.1 Study System

As part of a larger research project conducted by the Marine AlGae
Industrialization Consortium (MAGIC), the Duke University Marine Lab (Beaufort, NC)
constructed five outdoor raceway ponds to cultivate marine microalgae in seawater for
biofuel and other natural products. Several different marine microalgae strains were
tested in these outdoor ponds over the course of two and a half years. The cultivation
strategy for the larger research project was a hybrid system of covered semi-continuous
photobioreactors (PBRs, Figure 1A) and larger open raceway ponds (Huntley et al. 2015,
Huntley and Redalje US Patent #7,770,322). Microalgae cultures were scaled up in
laboratory incubators to 20 L carboys, which were used to inoculate ~1000 L outdoor
covered PBRs (usually every 1-2 weeks), which were operated in semi-continuous mode
with regular dilutions to match their growth rate. These PBRs were used to inoculate
two ~4500 L outdoor raceway ponds (production ponds, Figure 1A) for 2-4 days of batch
growth. Algal biomass was harvested from the production ponds via membrane
filtration and centrifugation for further processing and evaluation as feed and fuel

products.
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Figure 1: MAGIC cultivation system. A) Algae culture scale-up process from 20 L
carboys, which seed ~1,000 L outdoor/covered raceway photobioreactors (PBRs). PBRs
are used to seed ~4,500 L outdoor production ponds. Biomass is grown in production
ponds for ~2-4 days before being harvested and the ponds re-inoculated. B) Flow of
seawater through the MAGIC cultivation system. Coastal seawater is treated indoors
through a sand filter, 5 pm filter, activated carbon filter, UV treatment and a final 1 pm
point-of-use filter prior to being pumped into all outdoor PBRs and ponds. Seawater is
separated from algae biomass in the harvesting system before being released into the
local sewer system.

To remove predators and other microalgae prior to use, coastal seawater passed
through a treatment system comprised of a sand filter, 5 um filter, activated carbon filter,
UV treatment and a final 1um point-of-use filter prior to being pumped into both the
PBRs and production ponds (Figure 1B). This water treatment process dramatically
alters the microbiome of the incoming seawater, but it does not render it sterile; and

much of the bacterial community remains post-filtration.



The media used to grow the algal cultures for this project used modified f media
nutrient concentrations for all stages of culture scale up: 1764 uM NOs, 110 uM POs, 1x £
vitamins, 1/20x (f/2) trace metals (Andersen et al. 2005). A weather station mounted next
to the raceway ponds measured photosynthetic active radiation (PAR), rainfall, wind
speed and direction, and air temperature. All of the outdoor PBRs and production
ponds were outfitted with the Apex Neptune system, which automatically recorded
temperature, pH, and controlled CO: inputs. Daily sampling was conducted to quantify
algal growth and productivity in all raceway ponds by the larger cultivation team. Data
collected included pond temperature and dissolved oxygen saturation (ProODO probe),
optical density (440 nm), turbidity (NTU), dry weight and ash free dry weight, extracted
chlorophyll (100% methanol, Ritchie 2006), FIRe fluorescence (Johnson 2004), and cell

counts based on flow cytometry (Johnson et al. 2010).

2.2 Sample Collection

This research used the existing infrastructure of the larger MAGIC project and
added additional sampling and analyses to answer questions regarding the community
dynamics of the microbiome in these raceway ponds. Samples were collected from
outdoor production ponds and input sources (seawater and PBRs, Figure 1A) when a
pond was restarted and bacterial 165 rDNA community analysis performed. Samples
were collected daily from each of the two production raceway ponds for a minimum of

20 “pond runs” (i.e. the length of time the pond culture was grown before harvesting



and re-seeding from PBRs). Production ponds were grown for 2-4 days each, resulting
in multiple samples per pond run. Samples were collected during the growth of two
different microalgae strains, Desmodesmus sp. (C046) and Oocystis sp. (S002) which are
both green chlorophytes (green algae) and biofuel-relevant strains (Huntley et al. 2015).
Carboy, PBR and pond samples were collected by filtering ~10-20 mL of culture onto a
25 mm 0.2 um polycarbonate filter (2 replicates each). Seawater samples were collected
as the raceway ponds were being refilled, and ~2 L of seawater was filtered through a 45
mm 0.2 um filter (Pall Supor 200). All filters were placed in 1.5 mL screw cap tubes and

stored frozen at -80°C until further analysis.

2.3 DNA Extraction and Library Preparation

Genomic DNA was extracted using the entire filter for 25 mm diameter filters
and from half of the 45 mm diameter filters (cut with sterile razor blades). Gentra
Puregene Yeast/Bacteria Kit (QIAGEN) was used for DNA extraction from all filters
following the manufacturer’s instructions with additional bead beating cycles of 60
seconds (3x). Samples were cleaned with the Zymo OneStep PCR inhibitor removal kit.
Extracted DNA samples were quantified using a Nanodrop ND-100 and diluted to ~20
ng/uL. PCR was conducted using duel-index 16S rRNA primers 515F and 926R (V4-V5)
(Parada et al. 2016). PCR reactions contained 1x EconoTaq buffer, 200 uM dNTPs, 0.5
uM forward primer, 0.5 uM reverse primer, 0.4 U EconoTaq, and 20 ng of sample DNA.

The thermocycler for PCR was programmed as follows: 95°C for 30 seconds, 32 cycles of

10



95°C for 10 seconds, 50°C for 30 seconds, 72°C for 30 seconds, 72°C for 2 minutes.
Triplicate 20 pL reactions were pooled and run on a 1% agarose gel for
purification/extraction. Libraries were pooled and diluted using a Qubit 3.0. 16S rRNA
gene libraries were sequenced using 2 x 250 bp sequencing on the [llumina MiSeq at the

Duke Center for Genomic and Computational Biology.

2.4 Sequence Processing

Upon receiving the raw sequencing files, barcodes were trimmed using
MacQIIME v1.9.1. Files were then demultiplexed by the i5 index into fastq files for each
sample using Sabre (https://github.com/najoshi/sabre). Amplicon sequence variants
(ASVs) were determined using DADAZ2 version 1.12.1 (Callahan et al. 2016). Primers
were trimmed, reads were quality filtered (using parameters maxN =0, maxEE =2,
truncQ = 2), and denoised using the DADA?2 error model. Reads were merged and
potential chimeras removed. Taxonomy assignments for representative ASVs were
made using the RDP classifier (Wang et al. 2007). 10,393 ASVs were determined from
22,212,256 reads (75% of total reads analyzed). Sequences that were assigned to
chloroplast or mitochondria were removed. In order to account for variations in
sequencing depth and reduce number of samples lost, samples were rarefied to 1,650
counts following Larkin et al. 2016 (Figure 2). After these steps, data from 249

microbiome samples remained for downstream analyses.
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Figure 2: Rarefaction curves.Changes in alpha diversity over sequencing depth are
shown for both A) observed number of ASVs and B) Shannon diversity where color of
the curve corresponds to the type of container the sample was collected from. Vertical
dashed red line in both plots indicates selected rarefaction depth of 1,650.

2.5 Data Analysis

Algae specific growth rate (i) was calculated for each pond run using the
equation p = In(N2/N1)/(t— t1), where N1 and N2 are the biomass measured by optical
density (440 nm) at pond inoculation (t1) and harvest (t2). Shannon diversity and Bray
Curtis dissimilarity were calculated for all community samples using the R phyloseq
package (version 1.28.0, McMurdie and Holmes 2013) and beta diversity was visualized
using non-metric multidimensional scaling (NMDS) ordination. Statistical differences
for groups identified in the NMDS ordination plots was determined using
PERMANOVA (Anderson 2001) using a wrapper function (pairwise.adonis, Martinez

12



2020) for the adonis function (vegan package version 2.5.6, Oksanen et al. 2016).
Adjusted p-values were reported (Bonferroni correction). Statistical differences between
Shannon diversity boxplots was determined using the Wilcoxon rank-sum test (Mann-
Whitney, p-values Bonferroni corrected).

In order to identify unique taxa belonging to different strains, the
presence/absence of the top 150 ASVs in all samples (which made up 75% of the total
counts) were determined for different sample types (seawater, Oocystis sp., Desmodesmus
sp.) and visualized using a web tool created by VIB/UGent Bioinformatics &
Evolutionary Genomics (http://bioinformatics.psb.ugent.be/webtools/Venn/). Summary
taxa plots and alpha diversity boxplots were created using the phyloseq package version
1.28.0 in R (McMurdie and Holmes 2013) as was the abundance heatmap (plot_heatmap
function) which implemented the non-clustering NeatMap approach (Rajaram and Oono
2010). The linear discriminant analysis effect size (LEfSe) tool (Segata et al. 2011) was
run on the Galaxy platform and used to identify bacterial biomarkers for each strain. The
Log: fold-change of the 150 most abundant ASVs was calculated from pond inoculation
(day 0) to the last day of each pond run (harvested day) and visualized using a heatmap
in R (heatmap.2 function, gplots package version 3.0.3).

Stepwise selection of environmental variables and variance partitioning analysis
based on Bray Curtis dissimilarity was done in R (vegan package version 2.5.6, Oksanen

et al. 2016). Variables tested for significance were strain of algae grown, yearday, age of

13



culture (days), optical density (440 nm), quantum efficiency of photosystem II (Fv/Fm),
percent dissolved oxygen saturation, mean pond temperature (mean from 24 h prior to
microbiome sample collection except Day 0 samples), pond temperature range (max
temperature — minimum temperature, 24 h prior to microbiome sample collection, range
of 0 for Day 0 samples), mean and range of pond pH (both calculated in the same
manner as pond temperature mean and range), mean photosynthetically active radiation

(PAR, daily mean), mean wind speed (daily), and total daily rainfall.
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3. Results

3.1 Microalgae Growth in the Cultivation System Environment

The raceway ponds were highly productive and high nutrient environments
where the biofuel-relevant algal strain grown was the dominant primary producer.
Each strain of algae was produced at different times of the year and cultivation
parameters were optimized, thus each strain had different environmental conditions.
Oocystis sp. (S002) was grown from early June through early July 2018 with mean pond
temperatures of 29.59 + 2.32°C that varied across time with each pond run (Figure 3B).
Pond pH was maintained ~6.5 to limit predator abundance, but CO2 was turned off the
morning of the pond harvest in order to allow the pH to rise (>7.5) during the final day
of growth to encourage natural settling of the algal cells. Operational issues with the
CO: system caused two pond runs to have pH > 9 at the time of harvest. Desmodesmus
sp. (C046) was grown from mid-August to early October 2018 and mean pond
temperatures of 28.13 + 1.88°C with variation across time for each pond run (Figure 3A).
For this strain, pH was maintained ~7-7.5, but typically prior to harvest pH was allowed
to rise naturally (to ~7.8-8) by turning the paddle wheel off and allowing algae to
naturally drawdown COg, thus increasing pH. As expected for both strains, algal
biomass and dissolved oxygen increased over their growth cycle and ponds were
typically harvested just as the algae reached stationary phase (Figure 3C-F). For both

strains, specific growth rates of algae varied across different pond runs (Figure 4).
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Desmodesmus sp. had specific growth rates ranging from 0.131 to 0.559 d! with a mean of
0.320 + 0.103 (Figure 4A) d-!, while the mean specific growth rate for Oocystis sp. was

generally higher at 0.420 + 0.129 d! and ranged 0.173 to 0.700 d-! (Figure 4B).
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Figure 3: Cultivation environment. Variation in the production pond environment over
the course of all pond runs for both Desmodesmus sp. (A, C, E) and Oocystis sp. (B, D, F).
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individually. A and B) Mean daily temperature (°C), C and D) Optical density (440 nm)
of algal biomass, and E and F) Percent saturation dissolved oxygen.
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Figure 4: Algae specific growth rate for each pond run. Specific growth rate calculated
based on optical density (440 nm) for each pond run when A) Desmodesmus sp. (mean
0.320 £ 0.103 d') and B) Oocystis sp. (mean 0.420 + 0.129 d-') strains were grown. The
dashed lines represent mean specific growth rate for each strain.

3.2 Microbiome Variation Across Host Strains of Algae

At the community level, slight differences between microbiome communities

were found for PBRs compared to ponds but there was distinct clustering of

microbiomes in the presence of a specific microalgae host (Figure 5). PERMANOVA

results found that there was a statistically significant difference between PBR and pond
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samples based on Bray Curtis dissimilarity (p-value = 0.024) and both PBR and pond
samples were statistically significantly different from treated seawater samples (p-value
= 0.006, Figure 5A). Microbiomes from Oocystis sp. (S002) samples were statistically
different from Desmodesmus sp. (C046) samples (p-value = 0.003), and treated seawater
samples were statistically different from either strain (p-value = 0.003, Figure 5B). The
two outlier communities shown in Figure 5 were identified as unhealthy pond and PBR
samples taken when Oocystis sp. was grown. The PBR sample was considered to be a
crashed sample due to low algae optical density and had been used to inoculate the

outlier pond sample (M380D3) three days prior.
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Figure 5: Ordination based on Bray Curtis Dissimilarity. A) NMDS ordination for all
microbiome samples grouped by container type. Statistical ellipses are drawn at the 95%
confidence level except for carboy samples due to the small sample size (n=2).
PERMANOVA results showed significant difference between seawater samples from
both pond and PBR samples (p-value = 0.006) and pond and PBR samples were
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statistically different from one another (p-value = 0.024). B) NMDS ordination for all
microbiome samples grouped by presence of algal strain, Desmodesmus sp., Oocystis sp.,
or treated seawater inoculum. Statistical ellipses are drawn at the 95% confidence level.
PERMANOVA results found significant differences between both Oocystis sp. and
Desmodesmus sp. samples (p-value = 0.003) and significant differences between seawater
samples and samples containing either algal strain (p-value = 0.003).

The Shannon diversity of microbial communities in the treated seawater were
significantly higher than those found in the samples containing either host strain (Figure
6A). Pairwise comparisons between median Shannon diversity values for samples
grown with Desmodesmus sp., Oocystis sp., or treated seawater were all statistically
significant from each other (p < 0.01) indicated by the pairwise Wilcoxon rank-sum test
(Mann-Whitney). Shannon diversity for treated seawater samples was significantly
different from either pond or PBR samples (p < 0.01, Figure 6B), however pond and PBR
diversity was not significantly different (p = 0.232, Figure 6B). Carboy samples were

excluded from statistical tests due to low number of samples (n = 2).
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Figure 6: Differences in Shannon diversity across strain and container type. Shannon
diversity when compared by A) presence of algal strain (Desmodesmus sp., Oocystis sp., or
seawater inoculum) and B) container type the sample was collected from (carboy, PBR,
pond, or seawater). The middle of the boxplot corresponds to the median value and the
lower and upper hinges correspond to the first and third quartiles, respectively.
Whiskers extend from the hinges to 1.5*IQR (interquartile range) and outliers beyond
the whiskers are plotted individually. The number of samples used to create each
boxplot is indicated by n = X. Pairwise comparisons between both strains and seawater
samples were all significantly different (p < 0.01). Seawater sample diversity was
significantly different from both PBR and pond samples (p <0.01) but pond and PBR
diversity were not significantly different (p = 0.232).

At the phylotype level, distinctions in the type of bacteria associated with either
microalgae strain or the treated seawater inoculum were observed. When considering
the top 150 most abundant ASVs (which made up 74% of the total reads), greater than
one third were distinct to the treated seawater samples (Figure 7). There were 27 ASVs
shared among all sample types and 23 ASVs present when either strain of algae was
grown. Only 9 ASVs were unique to each algal strain grown (Figure 7). All microbiome

samples analyzed had high relative abundances of bacteria in the Rhodobacteraceae family
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(~21% of all reads for Desmodesmus sp. samples and ~17% of all reads for Oocystis sp.
samples) however there were differences in the most abundant ASVs depending on the
presence of microalgae (Figure 8). Bacteria belonging to the Saprospiriaceae family had
high relative abundances when both algal strains were grown (~42% for Desmodesmus sp.
and ~21% for Oocystis sp.), but bacteria belonging to the Flavobacteriaceae and
Cytophagaceae families had much higher relative abundances when Oocystis sp. was
grown (~19% and ~21% respectively). ASVs in the Hyellaceae and Hyphomicrobiaceae
families had higher relative abundances when Desmodesmus sp. was grown while ASVs
in the Chitinophagaceae, Hyphomonadaceae, and Verrucomicrobiaceae families had higher
relative abundances when Oocystis sp. was grown. Treated seawater samples had much
higher relative abundances of Synechococcaceae, as well as several other bacterial families
that were not present in culture samples (Figure 8). Taxa labeled as “NA” refer to 12
ASVs that could not be classified down to the family level and consisted of 1
Pseudomonadales taxon, 1 Pelagibacterales taxon, 2 Oceanospirillales taxa, 2 Actinobacteria, 5

unidentified Gammaproteobacteria, and 1 unidentified Deltaproteobacteria.
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Oocystis Desmodesmus
sp. Sp.

Seawater

Figure 7: Overlap of the top 150 ASVs between strains. Venn diagram displaying the
number of ASVs present (>5 counts) in culture samples grown with Oocystis sp.,
Desmodesmus sp., and treated seawater samples for the top 150 most abundant ASVs
(74% of total reads).
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Figure 8: Microbiome variation between algal strains summed at the family level.
Abundance of the top 150 ASVs (74% of total reads) summed across the family level for
all samples taken during Desmodesmus sp. growth (n = 112), Oocystis sp. growth (n = 96)
and treated seawater used to inoculate production ponds (seawater, n = 41). Microbiome
samples taken when both Desmodesmus sp. and Oocystis sp. were grown were dominated
by Saprospiraceae and Rhodobacteraceae whereas Oocystis sp. also had higher abundances
of Cytophagaceae and Flavobacteriaceae. Samples taken from the treated seawater were
dominated by Synechococcaceae and had several taxa not detected when algal cells were
present. Taxa labeled as NA correspond to 12 ASVs which could not be classified at the
family level.

A large number of taxa identified in the treated seawater samples were not

detected in production pond, PBR or carboy samples when either algal strain was grown
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(Figure 9). These ASVs belong to many bacterial families found in coastal seawater
including (but not limited to) Alteromonadaceae, Candidatus Actinomarinaceae,
Cryomorphaceae, Flavobacteriaceae, Microbacteriaceae, SAR11, and Synechococcaceae. A
cluster of ASVs that had higher relative abundances only in samples containing
Desmodesmus sp. included Rhodobacteraceae, Planctomycetaceae, Flavobacteriaceae, and
Saprospiraceae tamilies (Figure 8, Figure 9). Similarly, there was a cluster of ASVs which
had much higher relative abundances only in samples containing Oocystis sp., which
included members found in the same bacterial families as the Desmodesmus sp. abundant
ASVs in addition to members of the Chitinophagaceae, Cytophagaceae, Hyphomonadaceae,
and Verrucomicrobiaceae families (Figure 8, Figure 9). The microbiomes of both algal
strains were dominated by some of the same bacterial families (Figure 8), however
closely related taxa (ASVs belonging to the same family) showed different preferences to
one algal strain over another (Figure 9). Clustering of samples based on container type
was not observed as PBR samples clustered closely to the pond samples they were used
to seed rather than other PBR samples (Figure 9). The LEfSe analysis identified 13
biomarker ASVs for seawater samples, 12 biomarker ASVs for Oocystis sp. samples, and
13 biomarker ASVs for Desmodesmus sp. samples (Figure 9). The seawater biomarkers
included 3 Rhodobacteraceae ASV's and a single ASV belonging to the Synechococcaceae,
Alteromonadaceae, Pseudomonadaceae, SAR11, Microbacteriaceae, Halieaceae,

Erythrobacteraceae, Planctomycetaceae, Cryomorphaceae, and Oceanospirillaceae families. The
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biomarker taxa identified for Oocystis sp. samples included 4 Rhodobacteraceae ASVs, 2
Flavobacteriaceae ASVs, and a single ASV belonging to the Cytophagaceae,
Planctomycetaceae, Hyphomonadaceae, Chitinophagaceae, Rhodospirillaceae, and
Cryomorphaceae families. The biomarker taxa identified for Desmodesmus sp. samples
included 4 Rhodobacteraceae ASVs, 3 Saprospiraceae ASVs, and a single ASV belonging to
the Hyphomicrobiaceae, Flavobacteriaceae, Planctomycetaceae, Oceanospirillaceae,

Hyphomonadaceae, and Piscirickettsiaceae families.
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Figure 9: Abundance heatmap for top 150 taxa across all samples. Samples are
organized in the heatmap based on NMDS ordination of Bray Curtis dissimilarities with
rows corresponding to ASVs and columns corresponding to microbiome samples
(NeatMap approach). The Logs of rarefied abundance counts is shown with heatmap
color, where dark blue represents highest abundance values and white represents lowest
values. The color bar along the left y-axis identifies each of the top 150 ASVs at the
family level, and taxa labeled as NA could not be classified at the family level. The color
bars along the right y-axis show biomarkers identified in the LEfSe analysis or category
in the Venn diagram (Figure 7). There are two color bars along the x-axis which identify
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each sample by strain of algae present (top bar) and container type (bottom bar) the
samples were taken from. A large cluster of taxa found primarily in treated seawater
samples can be seen along with clusters of taxa that have higher relative abundances in
the presence of one algae strain. A cluster of taxa that are present when either algae
strain was grown can also be seen and include biomarker taxa identified using LEfSe.
PBR samples clustered closer to the pond samples they were used to seed rather than
other PBR samples.

3.3 Microbiome Variation Over Time

Microbial communities not only varied between the different container types and
different algal host strains, but also over time. Changes in the relative abundance of
various taxa were generally consistent between both production ponds (Figure 10).
Over the course of each pond run for Desmodesmus sp. samples (Day 0 — Day 3) relative
abundances of bacterial taxa changed, with distinct shifts in the microbiome community
at the start of a new pond run (Desmodesmus sp., Figure 10). A large shift in the
dominant taxa was seen in both production ponds for Oocystis sp. samples, where
bacteria belonging to the families Cytophagaceae and Flavobacteriaceae had higher relative
abundances during the first ~5 pond runs (for both pond 1 and pond 2) and bacteria
belonging to the families Rhodobacteraceae and Saprospiraceae had higher relative
abundances for the last ~5 pond runs in each pond (Oocystis sp., Figure 10). ASVs
belonging to the family Verrucomicrobiaceae were also only seen in later pond runs for
Oocystis sp. At the community level, diversity typically declined over time during a
pond run for Desmodesmus sp. (Figure 11B) though there was much variation between

pond runs (Figure 11A). The microbiome diversity of Oocystis sp. was much more
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variable over the course of a pond run (Figure 11) with some pond runs increasing

diversity while others decreasing diversity with time.
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Figure 10: Microbiome variation over time in each production pond during the growth
of both algal strains. Relative abundances of the top 150 ASVs (74% of total reads)
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classified at the family level over time in the production ponds during the growth of
Desmodesmus sp. (top panels) and Oocystis sp. (bottom panels). Community composition
was variable over time, but parallel production ponds (pond 1 and pond 2) were similar.
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Figure 11: Changes in Shannon diversity over time in production ponds. A) Shannon
diversity of each microbiome sample over the course of a pond run for Desmodesmus sp.
(left panel) and Oocystis sp. (right panel). B) Median Shannon diversity for each time

point for all pond runs during Desmodesmus sp. (left panel) and Oocystis sp. (right panel)
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growth. A general decline in diversity was observed for Desmodesmus sp. whereas
diversity was more variable across different pond runs for Oocystis sp.

At the ASV level, there was variability in abundance over time between both
different algal host strains and different pond runs. Log: fold-changes for the top 150
ASVs show that even when the same bacterial taxa were present when either algal strain
was grown, their trajectories differed over time (Figure 12). When examining
abundance over time for an abundant Phaeodactylibacter sp. (ASV_8), it is seen that in the
presence of the algal host Oocystis sp. it tended to increase in abundance with respect to
time, but the opposite was true in the presence of the algal host Desmodesmus sp.(Figure
13). Though some taxa generally increased or decreased with time (Figure 13), changes
in individual bacterial taxon abundances were variable across all pond runs (Figure 12,
Figure 13). Different ASV trajectories were also seen across different pond runs, for
example a cluster of five ASVs that had a 4-fold increase during one Oocystis sp. pond
run (M380) yet that pond run had a similar specific growth rate (0.404 d') to the Oocystis
sp. pond run mean (0.42 d-, Figure 4). Similarly, the final two Desmodesmus sp. pond
runs (M611 and M616) had a 5-fold decrease in two ASVs that was less common in other
pond runs yet also experienced similar algal specific growth rates (0.303 d' and 0.372 d*,

respectively) to the Desmodesmus sp. pond run mean (0.32 d-, Figure 4).
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Figure 12: Abundance change for top 150 ASVs during each pond run. Log2 fold-
change for the top 150 ASVs (with abundance > 0 and Log: fold-change greater than +4
in at least one pond run, n = 59) from pond inoculation (Day 0) to the final day (harvest).
Fold-change calculations for each pond run are along the x-axis and ordered by date;
pond runs when Oocystis sp. was grown (indigo outline) and pond runs when
Desmodesmus sp. was grown (red outline). ASVs are along the y-axis and arranged by
hierarchical clustering based on response. Right y-axis represents the family level
classification for each ASV.
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Figure 13: Trajectory for Phaeodactylibacter sp. during each pond run. Line plots (top
panels) show abundance of a representative Phaeodactylibacter sp. (ASV_8, abundance
normalized to Day 0) over time for each pond run. Boxplots (bottom panels) are shown
for each time point, where the middle of the boxplot corresponds to the median value
and the lower and upper hinges correspond to the first and third quartiles, respectively.
This Phaeodactylibacter sp. generally increased over time when Oocystis sp. was grown
(left two panels) and generally decreased over time when Desmodesmus sp. was grown
(right two panels) but trajectory varied for each pond run.

3.4 Environmental Drivers of Microbiome Change

In order to identify important deterministic drivers of microbiome change in the
raceway ponds, a stepwise selection of environmental variables was conducted on all
production pond samples for both algal strains. Of the metadata variables tested (see
Methods), only four were significant: algae strain, yearday, mean pond temperature,

33



and percent saturation Oz (p <0.01, Figure 14). Algae strain explained the most variance
in pond microbiome samples (19.1%) closely followed by yearday (18.1%). Even though
mean pond temperature and percent Oz saturation were also significant variables, they
explained only 3.3% and 1.9% of the variance in the data, respectively. The total
variance which could be explained by the four significant environmental variables and

their interaction terms was 31.4%, resulting in 68.6% of residual variance unexplained

(Table 1).
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Figure 14: Environmental drivers of microbiome change in production ponds. NMDS
ordination plot based on Bray Curtis dissimilarity for production pond samples with
arrows corresponding to the four significant metadata variables (p < 0.01) identified in
the variance partitioning analysis.
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Table 1: Variance partitioning analysis on pond environmental drivers. The variance
explained by each of the four significant (p <0.01) metadata variables, total variation
explained (all four significant variables and their interaction terms, All), and total

residual variation.

Variable % Variance Explained
Strain 19.1%
Yearday 18.5%
Mean Temperature 3.3%
% Saturation Oz 1.9%
All 31.4%
Residual 68.6%
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4. Discussion

The purpose of this study was to identify the microbial community dynamics
and their environmental drivers associated with large outdoor marine microalgae
raceway ponds. When comparing raceway pond microbiomes to the input communities
used to inoculate them, high similarity in diversity and community structure were
shown for PBR seed cultures and ponds. Many bacterial taxa that entered the system via
the treated seawater inoculum were below detection in pond microbiome samples, likely
being outcompeted by algae associated bacteria. This resulted in significantly different
communities between pond microbiomes and the seawater inoculum. Similar bacterial
families were most abundant when either algal strain was grown, however, specific
ASVs tended to associate with either Desmodesmus sp. or Oocystis sp. Changes in the
relative abundances of bacterial taxa with time were observed for all pond runs,
however there was no consistent convergence toward the same community structure by
the end of each pond run. This study found that the strain of algae cultivated was the
most significant driver of microbiome variation which indicates high host selection on
the most abundant taxa present. Time, temperature and algal productivity were also
important environmental drivers of microbiome community structure.

The cultivation strategy used for this study likely relates to microbial community
dynamics, as high inoculation volume and short pond run duration could have led to

the similarities between PBR inoculum communities and pond microbiomes observed.
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Cultivation for both Desmodesmus sp. and Oocystis sp. involved seeding the raceway
ponds with a high PBR inoculum volume (~25-30%) and short growth period (2-4 days)
which has been a successful strategy for large-scale microalgae farms (Huntley et al.
2015). Bacterial communities in the PBRs were preconditioned to the pond environment
(high nutrient, high temperature, low pH) and therefore likely had an advantage over
the treated seawater community when combined in the production ponds due to
priority effects. Priority effects of an inoculum community have been shown to reduce
the establishment success of taxa from an invading community (Svoboda et al. 2018),
which may be why abundant bacterial taxa in PBR samples continued to be abundant in
production pond samples over invading seawater taxa. Production ponds were also
completely drained when harvested and re-seeded from PBR cultures, so the priority
effects were reset with each iterative pond run. Cultivation strategy and priority effects
could explain why pond samples clustered close to the PBRs that were used to inoculate
them (Figure 9). If high inoculation volume and short pond run duration lead to
microbiomes similar to their seed culture as suggested here, then this could be an
effective cultivation strategy when trying to promote an engineered microbiome at
larger scales.

The seawater used to inoculate ponds had communities that were significantly
different from pond microbiome samples (Figure 5) and had significantly higher

diversity (Figure 6). Bacterial families commonly found in the seawater samples (such
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as Synechococcaceae, Rhodobacteraceae, SAR11, Flavobacteriaceae, Cryomorphaceae,
Actinobacteria, and Microbacteriaceae) were consistent with bacterial communities
reported for a nearby coastal ocean time series site (Ward et al. 2017), therefore the
treatment system did not drastically alter the bacterial community in the seawater
source. The large number of bacterial taxa (60) that were highly abundant in the
seawater inoculum but were below detection in pond and PBR microbiomes (Figure 7
and Figure 9) were likely quickly outcompeted by bacteria associated with the algal seed
cultures. This loss of taxa (and therefore loss in community diversity) could be due to
the significant change in environment. The raceway pond environment (Figure 3) is
quite shallow (~30 cm deep) and maintains high mean temperatures (27-32°C) and high
productivity (100-300 % DO) compared to the coastal ocean environment. Raceway
ponds were also maintained at a much lower pH (~6.5-7.5) compared to the coastal
ocean environment pH which is ~8-8.1. The treated coastal seawater inoculum was
likely able to support a significantly higher bacterial diversity than the pond
microbiomes (Figure 6) due to more diverse carbon substrates available in the natural
environment. Together, these data suggest that other large algae farms should not
necessarily be concerned with removing all bacteria from seawater prior to use in
raceway ponds (as is the general practice for lab scale cultivation), which can save time

and money for commercialization.
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Significant differences in microbiome community structure for Desmodesmus sp.
pond runs compared to Oocystis sp. pond runs were observed (Figure 5). Though there
were only nine taxa distinct to each algal strain and overlap of several taxa (Figure 7),
the most abundant taxa differed between strains (Figure 9). This is not surprising given
that bacterial assemblages attached to algal cells can be algae strain specific (Baker and
Kemp 2014). Similarities in the most abundant bacterial families (Rhodobacteraceae and
Saprospiriaceae) common between strains may be due to the similar pond environment
(high nutrient, high temperature, and high productivity, Figure 3) and that both algal
strains were chlorophytes. Dominance of Saprospiriaceae in raceway ponds was observed
and is consistent with algal microbiomes found in other industrial systems (Fulbright et
al. 2018). Algal host selection on microbiomes dominated by the bacterial phyla
Proteobacteria and Bacteroidetes have also been seen in diatom laboratory cultures (Amin
et al. 2012) and in cultures of other biofuel-relevant strains (Kimbrel et al. 2019, Mark
Ibekwe et al. 2017). Planctomycetes were also present in the microbiomes of both algal
strains and are commonly found in association with microalgae (Lage and Bondoso
2014) as were Verrucomicrobia which have been observed in algae raceway ponds
growing another green algae Microchloropsis salina (Kimbrel et al. 2019).

Desmodesmus sp. microbiomes were significantly more diverse than Oocystis sp.
microbiomes (Figure 6), however diversity declined with time during Desmodesmus sp.

pond runs toward a median diversity that was more consistent with Oocystis sp. pond
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runs over time (Figure 11). There was a greater overlap in taxa between treated
seawater inoculum and Desmodesmus sp. microbiome samples (Figure 7), so the host
selection may have had a delayed affect for Desmodesmus sp. compared to Oocystis sp.
Diversity was more variable with time for Oocystis sp. pond runs (Figure 11), which
could be related to the different dominant taxa seen for earlier pond runs compared to
later pond runs (Figure 10). Differences in quantity and quality of dissolved organic
carbon (DOC) are known to play an important role in determining marine bacterial
communities (Sarmento et al. 2016) and could be an important driver for host selection
observed in this study, though DOC was not evaluated here.

A shift in the dominant microbiome taxa for the first half of the Oocystis sp. pond
runs compared to the later pond runs was observed in both pond 1 and pond 2 (Figure
10) and is hypothesized to be driven by lysed algae cells. Visual evidence of the
presence of rotifers was confirmed via microscope for several of the PBRs used to
inoculate early Oocystis sp. pond runs. Marine rotifers are known predators of
microalgae and can cause raceway pond cultures to crash (White and Ryan 2015). The
tirst few Oocystis sp. pond runs were dominated by Cytophagaceae and Flavobacteriaceae
bacteria when contaminating rotifers were noted while later Oocystis sp. pond runs had
fewer contamination issues and were dominated by Rhodobacteraceae and Saprospiraceae.
Bacteria belonging to the Cytophagaceae family have been known to cause cell lysis in

green algae (Cole 1982) and could be another cause of concern when they are present in
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high relative abundances in raceway ponds. Early Oocystis sp. ponds were more yellow
in color and could have been driven by high cell lysis of the algal host due to predators
or harmful bacteria. Rhodobacteraceae bacteria have been shown to aid in protecting
green algae from marine rotifer grazing (Fisher et al. 2019) and could have had a similar
effect in this raceway pond system, as they had greater relative abundances in later
Oocystis sp. pond runs. Different mechanisms for DOC release (such as mechanical cell
lysis by sloppy feeding, viral lysis, or algal exudate secretion) lead to distinct DOC
compositions (Ma et al. 2018). The mechanical lysis caused by either predator
contamination or high Cytophagaceae abundance likely created a different quality of DOC
in the early Oocystis sp. pond runs than in later pond runs where algal secreted DOC was
likely dominant and could be a potential mechanism behind the microbiome shift in the
Oocystis sp. ponds.

Closely related taxa (ASVs that belong to the same family) showed different
preferences for algal host strain as there was little clustering of ASVs based on broad
phylogenetic groupings (Figure 9). Specific ASVs were sometimes present when either
strain was grown, however the relative abundance of that taxa depended on which algae
was present. For example, a Phaeodactylibacter sp. (ASV_8) was present when either algal
strain was grown but was likely better adapted to growing in the presence of Oocystis
sp., since its relative abundance increased with time for Oocystis sp. but decreased with

time for Desmodesmus sp. (Figure 13). Taxa level responses were not only variable

41



between algal hosts, but also variable in their response across different pond runs. For
example, the last two pond runs for Desmodesmus sp. (M611 and M616) saw a clear
decline in ASV_18 and ASV_17 and clear increase in ASV_131 and ASV_32 which were
not observed in other Desmodesmus sp. pond runs (Figure 12). Another interesting
example can be seen for the Oocystis sp. pond run M380, where a cluster of five ASVs
belonging to different bacterial families (ASV_14, ASV_13, ASV_95, ASV_64, and
ASV_152) had a large increase in abundance with time (Figure 12). Interestingly, the
tinal microbiome sample from the M380 pond run before harvesting was also the outlier
pond sample identified in Figure 5 and clustered closely to the outlier PBR sample
which had been used to seed that pond three days prior. This outlier PBR sample
(which was identified as a crashed culture based on optical density) and outlier pond
sample were dominated by two ASVs belonging to Cytophagaceae and Puniceicoccaceae
families (ASV_13 and ASV_14, respectively). Cytophagaceae are known to cause cell lysis
in green algae (Cole 1982) and Puniceicoccaceae have been isolated in close association
with a marine clamworm (Choo et al. 2007) that feed on marine algae among other
things. The two ASVs identified here are likely associated with Oocystis sp. pond crashes
and may offer potential for early detection of pond crashes at industrial scales.

A lack of convergence in microbiome community change (Figure 12) in
combination with similar algal specific growth rates (Figure 4) across production pond

runs may indicate that alternate stable state communities occurred. Alternate stable
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states in community composition is a well-established phenomenon in the marine
environment (Sutherland 1974) and replicate microcosms exposed to the same
environmental conditions can produced alternate microbial communities (Pagaling et al.
2017). Repeated culturing conditions (high temperature, high nutrient) in combination
with stochasticity in inoculum PBR cultures may have led replicate pond microbiomes
to alternate stable states. The decline in ASV_18 and ASV_17 and increase in ASV_131
and ASV_32 for the last two Desmodesmus sp. pond runs (M611 and M616) did not yield
significantly different algae specific growth rates from mean (Figure 4) and could be an
example of an alternate stable microbiome from earlier Desmodesmus sp. pond runs.
Accepting that alternate steady states are likely to occur outdoor raceway ponds is
important to consider when engineering microbiomes for industrial use, as multiple
engineered microbiomes may yield similar production results.

Significant environmental drivers of microbiome variation for this system were
algal host strain, yearday, temperature and percent dissolved oxygen (Figure 14, Table
1). This data is consistent with similar microalgae industrial systems that have also
found algae host as a highly deterministic driver of microbiomes (Kimbrel et al. 2019).
Yearday was a proxy for time and was likely significant for this data due to its
relationship to strain, as the two algal strains were grown at different times (see
Methods) and explained variation in the same ordination direction (Figure 14). Yearday

may have also been significant due to the later Desmodesmus sp. pond runs clustering
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together in the same ordination direction as yearday (Figure 14) and supports the
hypothesis that there may have been alternate steady states for Desmodesmus sp. pond
microbiomes at different times of the year. Percent saturation Oz can be viewed as a
proxy for algal productivity and may have been even more significant had there been
more pond crashes in the dataset. The outlier Oocystis sp. pond sample thought to be a
crashed culture (M380D3) was placed in the same ordination direction as percent
saturation Oz (Figure 14). Primary productivity and temperature are important
environmental drivers of microbial communities in the natural marine environment
(Ward et al. 2017) therefore it is not surprising that they were significant drivers in the
raceway ponds also. The high unexplained variance (68%, Table 1) in the microbiome
communities includes a combination of other measured and unmeasured deterministic
drivers (such as pH, predator abundance, and biological interactions) and unmeasured
stochasticity (such as drift and dispersal). Even though the ponds were operated on
short timescales (2-5 days), stochastic processes like drift could have occurred in this
system. Scum buildup was observed on the pond lining and persisted over the course of
all pond runs for a given strain, therefore some bacteria likely persisted in the system for
longer timescales (several weeks) which would be necessary for drift to occur. Given the
high unexplained variance in these pond microbiomes, stochastic processes could be

important ecological drivers and warrant future investigation in raceway pond systems.
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Observations in microbiome dynamics for this microalgae raceway pond system
have implications for future research in microbiome engineering and commercialization
of microalgae for natural products. Understanding the dominant taxa found in each of
the biofuel-relevant strains and the dynamics of their microbiomes in raceway ponds
can be used as a baseline for future microbiome manipulation experiments. This study
shows that cultivation strategy, such as inoculation volume and cultivation period,
could be important for microbiome consistency between seed culture and larger ponds
which will be critical for promoting the survival of an engineered seed community. The
observations in this study also suggest the importance of growing a seed inoculum at
similar growth conditions (high temperature, high productivity) to help ensure priority
effects over non-sterile seawater community members. This cultivation system focused
on treating seawater to remove predators or weed algae (Figure 1) rather than rendering
it completely sterile, which was still an effective treatment system for raceway ponds as
seawater associated bacteria were significantly less abundant.

Because of the high variability in a particular ASV’s trajectory with time and the
stochasticity likely in this system, future co-culturing experiments between industrially
relevant algae and bacteria should focus on engineering a microbial consortium rather
than an axenic co-culture. Additions of individual bacterial strains into microalgae
cultures with an existing microbiome have shown lasting effects (Baker and Kemp 2020)

and may be an effective method for developing effective microbial consortia. Fisher et
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al. (2019) found a microbial consortium that helped protect a host microalga from rotifer
predation, but that protective effect was lost in the absence of occasional contamination.
Therefore, maintaining several effective microbiome communities (perhaps alternate
steady state communities) may be an effective microbiome engineering approach for
algae cultivation at large scales.

Valuable lessons can be learned from observational work discussed here,
however there were also many limitations in this study. The microbiomes of only two
different algal strains, which were both green algae, were tested in this work and
information on bacteria associated with different types of biofuel-relevant algae would
be useful. Also, more microbiome samples from the carboy (indoor laboratory cultures)
would have been beneficial for confirming specific algae-associated bacteria for both
strains. This study only considered the bacterial component of the pond microbiome
and didn’t include the broader microbial community such as viruses and algal
predators. The viral community could have an important bottom up effect on the pond
microbiome and would be critical to consider when engineering seed communities.
Predator contamination was noted but not quantified and would have been important
for confirming potential harmful or protective bacterial taxa. All microbiome samples
taken in this study were from ponds grown during summer and early fall, and different

seasons may cause different environmental drivers to be significant. The quantity and
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quality of DOC was not measured for this system and was hypothesized to play an

important role in determining the microbiome community.

47



5. Conclusion

This study described the microbiome dynamics and environmental drivers of
community change in large-scale raceway ponds during the growth of two biofuel-
relevant marine microalgae strains, Desmodesmus sp. (C046) and Oocystis sp. (S002).
Pond microbiome communities were significantly different from input seawater
communities but similar in diversity and community structure to PBR seed cultures.
Cultivation strategy, namely high inoculation volumes and short cultivation periods,
may have created priority effects for seed culture bacterial communities to prevail over
invading seawater bacteria, causing them to play a less important role in pond
microbiome dynamics. The algae strain (host) had high selection effects on the most
abundant taxa present in ponds, however some bacterial families were present when
either strain was grown. Contamination by predators or lytic bacteria can cause drastic
changes in the pond raceway microbiome, from healthy cultures dominated by
Rhodobacteraceae and Saprospiraceae to unhealthy cultures dominated by Cytophagaceae
and Puniceicoccaceae. Generally, closely related taxa did not consistently change with
time in the raceway ponds and a high variability in ASV fold-change was observed
between pond runs. The algal strain (host) grown was the most dominant driver of
microbiome variation in the production ponds, followed by changes in time and changes

in the natural environment (i.e. temperature and productivity).
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Thinking forward, increasing the consistency and efficiency of growing marine
microalgae at large industrial scales is essential for algae biofuels to be economically
feasible. Consistency in biomass production, through reduced crop loss via unhealthy
pond cultures, can potentially be improved when considering the microbiome
community in cultivation plans. Focusing future research on engineering multiple
robust microbial consortiums rather than trying to maintain optimal algae-bacteria co-
cultures will be more effective when scaling up cultivation to larger raceway ponds, as
they are diverse and variable environments. Though raceway pond diversity is
significantly reduced from communities in the natural environment, outdoor ponds will
still have greater diversity than typically found laboratory cultures and could be
advantageous for culture resilience.

Successful microbiome engineering for outdoor raceway ponds will require
future research on interactions between the entire microbial community in these
systems, including viruses, bacteria, algae, fungi, and protists. Early detection of
potential threats to algae productivity would be important in a commercial setting and
could inform the design of engineered seed communities or cultivation strategies.
Rapidly dropping pond pH to reduce predator abundance when growing algae at larger
scales (Ganuza et al. 2016) is an example of a cultivation strategy that could have

significant impacts on the pond microbiome. Future testing of engineered microbiome
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communities in raceway ponds would be most effective at semi-industrial scales in
order to test for effectiveness and community divergence while still being cost effective.

Further analysis of this data may examine potential functional responses of
different communities by using a predictive metagenome software program such as
PICRUSt (Langille et al. 2013). Testing for functional differences between distinct
communities such as between algal strain or healthy compared to unhealthy ponds
could warrant interesting results. A predicted metagenome would also be insightful for
determining whether alternate steady state communities emerged in the ponds. Future
laboratory scale experiments could be conducted to test for priority effects and alternate
steady state communities hypothesized in this analysis. Treated seawater communities
could be inoculated with varying volumes of algae seed culture to determine the
minimum percentage of inoculation culture needed to maintain potential priority effects.
Several replicate Desmodesmus sp. and Oocystis sp. cultures could be inoculated from a
single source culture and maintained at constant growth conditions to see if different
steady state communities emerge and if any are similar in community composition to
those observed in the outdoor production ponds.

The field of algae microbiome science will continue to develop as interests in
commercialization of marine microalgae for natural products persists. Advances in
modeling of microbial communities to determine potential effective consortiums prior to

testing them at larger scales could be an efficient method in this field. Utilization of
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bacterial consortia for wastewater treatment is a well-developed process and there may
be more interest in incorporating algae ponds into these systems in the future. Overall
there is much left to learn about utilizing microbial consortia for improving marine
microalgae cultivation strategies but will hopefully lead sustainable biofuel sources in

the future.
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