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Abstract. Changes in the abundance of a taxon can have large effects on communities, particularly if that
taxon is a strong interactor. These changes may arise as a consequence of environmental change, recruit-
ment from dormant stages, or quirks of population dynamics, and have effects that ripple through a com-
munity interaction network. We hypothesized that cyanobacteria, which are increasing in many freshwater
lakes globally, may be strong interactors because they can exert large and persistent effects on the biomass
and composition of other phytoplankton. To test this hypothesis, we evaluated how the phytoplankton
community responded to different densities of Gloeotrichia echinulata, a large colonial cyanobacterium
increasingly observed in low-nutrient lakes in northeastern North America, in an in situ mesocosm experi-
ment. We observed that many phytoplankton taxa, especially diatoms and green algae, responded primar-
ily to increased nutrient availability (a result of Gloeotrichia’s nitrogen fixation and translocation of
phosphorus from the sediments), while a few taxa (two euglenophytes, one dinoflagellate, and one
cyanobacterium) responded to both the direct and indirect effects of Gloeotrichia. Surprisingly, Gloeotrichia
reduced the compositional variability of the phytoplankton community relative to the non-Gloeotrichia con-
trol treatment; there was no effect on the aggregate temporal variability of total non-Gloeotrichia biovolume.
Moreover, experimentally increased densities of Gloeotrichia coincided with increasing complexity of the
phytoplankton community in network analyses of taxon co-occurrences, as indicated by significantly
greater network density and transitivity and shorter path lengths. Taken together, these findings suggest
that Gloeotrichia may be a strongly interacting species in low-nutrient lakes, with the potential to increase
the resilience of phytoplankton communities to future disturbance by increasing compositional stability
and network complexity.
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INTRODUCTION

Ecological communities can be described and
visualized as networks of interacting populations
(Dunne et al. 2002). Fluctuations in the relative
abundance of certain taxa within communities
can trigger rapid changes in population interac-
tions and thus alter network structure, relative
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abundance, and aggregate properties such as
total biomass (Micheli et al. 1999). For example,
if the addition of a new strongly interacting spe-
cies (sensu Paine 1980), or an increase in the total
or relative abundance of a previously rare one,
has a large impact on resource availability, it
may change not only which other species can
persist in the community, but also their
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abundance and interactions with one another
(Paine 1980, Power et al. 1985, Soule et al. 2005).
Increases in strong interactors may occur as a
result of environmental change, recruitment from
dormant stages, or changes in population
dynamics, and have effects that ripple through
the community network.

Because disentangling the effects of strong
interactors on their community requires experi-
mental manipulation of species assemblages, most
studies on the effects of these taxa have focused
on macroscopic species. Less is known about the
consequences of increases in potential strong
interactors for microscopic communities, espe-
cially those that have the potential to become
macroscopic problems from the perspective of the
public, such as large surface aggregations of
cyanobacteria in freshwater ecosystems (blooms).
Cyanobacterial blooms have the potential to
substantially affect the community structure of,
and interactions among, other phytoplankton
(Cottingham et al. 2015), and could be of increas-
ing importance in the future, since their duration,
magnitude, and geographic extent appear to be
increasing globally (Paerl and Huisman 2008,
Brookes and Carey 2011).

There are multiple mechanisms by which
cyanobacteria may act as strongly interacting
taxa and alter phytoplankton community struc-
ture and variability. Most previous work has
focused on negative interactions due to the eco-
physiological adaptations that allow cyanobacte-
ria to outcompete other phytoplankton (reviewed
by Carey et al. 2012b). For example, some
cyanobacteria excrete toxins and allelopathic
chemicals that inhibit the growth, division, and
metabolism of target phytoplankton (Leflaive
and Ten-Hage 2007), and some can create surface
scums that decrease light availability for other
phytoplankton (Reynolds 2006). However, cyano-
bacteria may also have positive effects on other
phytoplankton: Some taxa are able to fix nitrogen
(N) and some are able to acquire phosphorus
(P) from sources that other taxa cannot access
(reviewed by Cottingham et al. 2015). These
“new” nutrients have the potential to benefit
other phytoplankton because even live cyano-
bacterial cells tend to leak N and P in forms
available for uptake (Cottingham et al. 2015).
Moreover, cyanobacteria can also excrete stimu-
latory allelochemicals that increase growth
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rates and division of some phytoplankton (e.g.,
Suikkanen et al. 2005).

We tested the hypothesis that cyanobacteria
exert strong and persistent effects on phyto-
plankton community structure and variability,
even after blooms have ended, by analyzing data
on phytoplankton communities before, during,
and after experimental blooms in mesocosms.
We chose the large, colonial cyanobacterium
Gloeotrichia echinulata (J. E. Smith) P. Richter (here-
after, Gloeotrichia) as our focal species for two
reasons. First, the large size of its colonies (1 to
>3 mm in diameter) allows its densities to be
directly manipulated. Second, it is of practical rel-
evance, as reports of Gloeotrichia in oligotrophic
and mesotrophic lakes across the northeastern
USA and Canada are increasing (Carey et al.
2008, 20124, Winter et al. 2011), and both ecolo-
gists and the general public are concerned about
its potential effects on aquatic food webs and
water quality.

We used a suite of community analyses to
identify the effects of Gloeotrichia on other phyto-
plankton taxa, focusing particularly on the effects
mediated by altered N and P concentrations, and
the concordance of results across metrics. These
included differentiating the non-nutrient vs.
nutrient effects of Gloeotrichia on other phyto-
plankton using path analysis (Fig. 1) and calcu-
lating aggregate and compositional temporal
variability (sensu Micheli et al. 1999) for the rest
of the phytoplankton community. We also used
network analysis to examine how taxon
co-occurrences varied with Gloeotrichia density.

We predicted that the experimental Gloeotrichia
blooms would have both nutrient and non-nutri-
ent effects on other phytoplankton taxa and that
these effects would increase variability, thereby
decreasing stability, in phytoplankton commu-
nity composition relative to no-bloom controls.
Here, we define stability as the inverse of vari-
ability, following Grimm and Wissel (1997).
These expectations were derived from our previ-
ous work suggesting that Gloeotrichia can exert
both strong positive and negative effects on the
biomass of other phytoplankton, depending on
lake conditions (Carey et al. 20144, b). On the
positive side, Gloeotrichia is an N-fixer (Stewart
et al. 1967) and takes up and stores large quanti-
ties of P in excess of its immediate needs
(Istvanovics et al. 1993); these nutrients can be

July 2017 ** Volume 8(7) ** Article e01830



Gloeotrichia density

CAREY ET AL.

Biovolume of each
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Fig. 1. Conceptual diagram showing the direct, non-nutrient and indirect, nutrient-mediated mechanisms by
which Gloeotrichia can affect the biovolume of other phytoplankton. Photo credit for Gloeotrichia to C.C.C.; all

other phytoplankton photos were used by permission from PhycoKey, Center for Freshwater Biology at the
University of New Hampshire (http://cfb.unh.edu/phycokey/phycokey.htm).

released to the water column in available forms,
alleviating nutrient limitation (Pitois et al. 1997,
Noges et al. 2004). In the laboratory, Gloeotrichia
stimulates growth of other phytoplankton by
excreting stimulatory allelochemicals (Carey and
Rengefors 2010). However, Gloeotrichia can also
create surface scums that reduce light (Carey
et al. 2014b). Consequently, we expected that
both the aggregate and compositional temporal
variability of the phytoplankton community dur-
ing and after a Gloeotrichia bloom would be
greater than in a no-bloom control and that
Gloeotrichian would exert larger effects on other
phytoplankton at higher densities, with effects
not mediated by N and P being more important
at higher densities. Finally, because Gloeotrichia
can alter the biomass and composition of phyto-
plankton at the division level (Carey et al.
20144), we expected that the phytoplankton com-
munity experiencing the highest density of Gloeo-
trichin blooms would exhibit greater network
complexity than the no-bloom control.

METHODS
In situ mesocosm experiment
As previously reported (Carey 2012, Carey

et al. 20144a), we conducted an in situ mesocosm
experiment in oligotrophic Lake Sunapee, New
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Hampshire, USA (43°24' N, 72°20' W), in July
2008 to examine the effects of different densities
of Gloeotrichia on phytoplankton communities.
The timing of this experiment was motivated by
previous observations of Gloeotrichia scums in
Lake Sunapee in early July (Carey et al. 2014c).
Addition of Gloeotrichia to the mesocosms simu-
lated the natural process of bloom formation and
the translocation of N and P within the Gloeotri-
chia colonies from the sediments into the water
column (Cottingham et al. 2015). Here, we sum-
marize the major aspects of the experiment that
pertain to this study; for complete details, see
Appendix S1.

Just prior to the experiment, we collected
Gloeotrichia colonies from Lake Sunapee, pro-
cessed them into aliquots in the laboratory after a
careful cleaning and inspection procedure, and
stored them in incubators. Only the largest,
buoyant colonies with all trichomes intact were
used in the experiment. The day before the
experiment began, we deployed 16 clear, 50 L
mesocosms in a littoral cove of Lake Sunapee.
The mesocosms were suspended from frames
with the openings raised above the lake surface
to prevent waves from overtopping the rims and
kept covered with mesh to prevent insect, bird,
or zooplankton immigration. The mesocosms
were filled with unfiltered water from the upper
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0.3 m of the lake, which included only small
zooplankton (rotifers and nauplii) as most large
zooplankton avoid visual predators during the
day (Lampert 1989).

We randomly assigned the mesocosms to four
Gloeotrichia density treatments: 0 (control), 25, 50,
and 400 Gloeotrichia colonies/L, with four repli-
cates each. These treatments reflect observed
Gloeotrichia densities in low-nutrient lakes in the
northeastern United States (0-450 colonies/L;
Carey et al. 20124); the highest littoral Gloeotri-
chia density observed in Lake Sunapee to date is
~80 colonies/L (K. L. C., unpublished data).

The first morning of the experiment, we sam-
pled each mesocosm to establish baseline condi-
tions. Immediately after this initial sampling, we
added Gloeotrichia colonies to the mesocosms to
create the treatments, simulating the recruitment of
different densities of colonies leaving the sedi-
ments and entering the water column to form
blooms. We sampled each mesocosm again 24 h
after Gloeotrichia addition and then every four days
until day 13; at the end of the experiment, all Gloeo-
trichia had senesced and sunk to the bottom of the
mesocosms. This pattern of senescence in the
mesocosms over 13 days is similar to patterns of
Gloeotrichia density observed in natural systems
(Carey et al. 2008). On each sampling day, we used
an integrated tube sampler to collect water for phy-
toplankton samples (250 mL, preserved with
Lugol’s iodine solution in opaque bottles), total N
and P (100 mL, kept frozen until analysis), and sol-
uble nutrients (100 mL, filtered through 0.7-pm
Whatman GF/F filters (GE Healthcare Life
Sciences, Marlborough, Massachusetts, USA) and
frozen until analysis for nitrate, NO3~; ammonium,
NH,"; and soluble reactive P, SRP). We also sam-
pled Gloeotrichia by filtering 3-5 L of water
through 80-pum mesh, preserving the collected sam-
ple, and returning the filtrate to the mesocosms.

We analyzed the nutrient and phytoplankton
samples according to the standard protocols.
Throughout the experiment, NO;~, NH,', and
SRP concentrations were consistently below
method detection limits and thus cannot be used
to evaluate the effects of Gloeotrichia on soluble
nutrient pools (Appendix S1). At least 50 mL of
each phytoplankton sample was concentrated
and settled for 3 days before C.C.C. enumerated
all phytoplankton cells, generally to genus, at
400x magnification according to Utermohl (1958)
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on an inverted Nikon MSD microscope (Nikon
Inc., Melville, New York, USA). Four phytoplank-
ton genera (Aphanocapsa, Chroococcus, Merismope-
dia, and Trachelomonas) found in many samples
were differentiated to sub-genus levels. We calcu-
lated non-Gloeotrichia phytoplankton biovolume
(um®/mL) by approximating the cells to geometric
shapes. In addition, we counted Gloeotrichia colo-
nies on an Olympus SZH10 dissecting microscope
(Olympus America, Center Valley, Pennsylvania,
USA).

We determined the effects of the Gloeotrichia
treatments on the biovolume of each phytoplank-
ton taxon using one-way repeated-measures
ANOVA using SAS PROC MIXED (SAS v.9.2;
SAS Institute, Cary, North Carolina, USA;
Wolfinger and Chang 1999). We selected the best
error structure from three different covariance
matrices (compound symmetry, Huynh-Feldt,
and unstructured) using the Bayesian Informa-
tion Criterion.

Path analysis

To evaluate the relative strengths of the direct
(non-nutrient) and indirect (nutrient-mediated)
effects of Gloeotrichia on the biovolume of the taxa
that were present in >5% of the observations, we
fit saturated path analysis models to the four
post-treatment sampling dates using PROC
CALIS in SAS on the correlation matrices among
variables. Specifically, we evaluated the direct
effect of observed Gloeotrichia density and the
indirect effect of total N and P (TN and TP) on
each taxon (Fig. 1). To estimate the indirect effect,
we used the first principal component from a
principal components analysis of all observed TN
and TP values, due to the correlation between TN
and TP concentrations (r = 0.39) and our focus on
the combined effects of increased nutrients rather
than the separate effects of N and P. These path
analyses were bidirectional: They were not
examining causal effects of Gloeotrichia density
and nutrients on phytoplankton taxa, but rather
the strength of the interaction between each
phytoplankton taxon and Gloeotrichia/nutrients
because the phytoplankton taxa themselves
may have altered nutrient concentrations. We fit
these models only for the 29 taxa which
had approximately linear relationships with the
predictors and evaluated the statistical signifi-
cance of the estimated effect coefficients using a
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Bonferroni-corrected o of 0.0009 (0.05 divided by
58). Because the models are saturated, we do not
report traditional fit metrics here because they all
suggest a very good fit to the data.

Aggregate and compositional variability

We tested the prediction that Gloeotrichia
would increase variability in the phytoplankton
community by first comparing aggregate tempo-
ral variability (hereafter, aggregate variability)
among treatments by calculating the coefficient
of variation (CV) of total non-Gloeotrichia bio-
volume in each mesocosm over time, then com-
paring CVs across treatments with one-way
ANOVA. Second, to evaluate compositional
temporal variability (hereafter, compositional
variability), we used multivariate dispersion
(Anderson 2006), which was originally proposed
as a test for B-diversity in space or a measure of
multivariate homogeneity of variance, but is also
an effective test of temporal variability when
applied to time series (Brown and Lawson 2010).
We used the function betadisper in the vegan
package in the R statistical environment (R
Development Core Team 2015) to calculate the
dispersion metric for each experimental unit, and
one-way ANOVA with Tukey’s post hoc multiple
comparison tests to examine the differences in
dispersion between the Gloeotrichia density treat-
ments. To evaluate whether the observed treat-
ment differences were driven more by changes in
species presence or by changes in relative abun-
dance, we performed the analysis using both the
Jaccard and Bray-Curtis distance metrics.

Network analysis

We used network analysis to examine the sta-
tistical and structural characteristics of the com-
munity of phytoplankton genera (nodes) and the
connections between them (edges) (Newman
2003). Network analysis is increasingly being
used to explore interactions among taxa in
microbial and phytoplankton communities (e.g.,
Barberan et al. 2012, Kara et al. 2012, Patrick
et al. 2014), but experimental applications
remain rare, especially for aquatic communities.

We constructed separate co-occurrence net-
works for the phytoplankton genera observed in
each of the four Gloeotrichia density treatments on
the four post-treatment sampling dates. Co-occur-
rence networks are the collective interconnections
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of nodes based on their paired presence within a
community (Proulx et al. 2005). Given the small
number of observations, we pooled all 16 observa-
tions collected within a treatment after Gloeotrichia
addition (4 replicates per treatment x 4 sample
days) to create one observed network and 1000
simulated networks for each of the four Gloeotri-
chia density treatments. The simulated networks
came from Monte Carlo simulations drawing 12
observations from the 16 total observations, and
were used to compare structural network charac-
teristics among the treatments. Within each of the
1000 simulations for a treatment, we used the
number of co-occurrences of each pair of taxa dur-
ing the 12 observations to calculate probabilities
of each taxa pair’s co-occurrence. We created 1000
simulated undirected Erdés-Rényi networks
based on the number of observed nodes, with the
probability of undirected edge connections
among them derived from the probabilities of co-
occurring taxa pairs in each Monte Carlo simula-
tion (following Barberan et al. 2012).

For the observed and simulated networks, we
calculated structural properties that assessed net-
work complexity. These characteristics included the
number of edges and nodes (i.e., taxa richness),
network density (the proportion of potential con-
nections in a network that are actually connected),
mean path length (the mean shortest path length
between all nodes), and transitivity (also called
clustering coefficient), a metric of how connected
nodes are in the network (Wasserman and Faust
1994, Newman 2003). Complete transitivity, indi-
cated by a value of 1, implies that if taxon x co-
occurs with 1, and y co-occurs with z, then x and z
also co-occur. We compared these structural met-
rics among Gloeotrichia treatments for the simulated
networks using permutational ANOVA in R. All
network analyses were carried out in R using sna
(Butts 2008) and igraph (Csardi and Nepusz 2006)
packages. Networks were visualized with the soft-
ware program Cytoscape v.2.8.3 (Smoot et al.
2011). After examining the structural properties of
the networks, we also compared node degree, the
number of edges connected to each taxon, among
the taxa that were present in the phytoplankton
community in all four Gloeotrichia density treat-
ments. Taxa with a high node degree are referred
to as “hubs” and play an important role in ecologi-
cal networks because of their high connectedness
to other taxa (e.g., Watson et al. 2011).
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In situ mesocosm experiment

As previously reported (Carey et al. 2014a),
there were no significant differences in Gloeotri-
chia density, non-Gloeotrichia phytoplankton bio-
volume, TN, or TP among treatments prior to
Gloeotrichia addition (Appendix S1). However,
additions of Gloeotrichia colonies increased Gloeo-
trichia density, TN, and TP (Appendix SI:
Table S1, Fig. S1). Additions of 50 or 400 colonies
of Gloeotrichia/L resulted in surface scums, which
lasted for ~12 d; after 13 d, the Gloeotrichia colo-
nies senesced and sunk to the bottom of the
mesocosms. The total biovolume of the phyto-
plankton community, excluding Gloeotrichia,
increased in response to Gloeotrichia addition and
exhibited different temporal dynamics among
treatments (Appendix S1: Table S1). Mean non-
Gloeotrichia phytoplankton biovolume increased
steadily beginning one day after Gloeotrichia
addition in the 50 and 400 Gloeotrichia colonies/L
treatments, but was consistently low in the 0 and
25 colonies/L treatments (Appendix S1: Fig. S1).

At the genus and sub-genus level, there were
substantial shifts in community composition in
response to the Gloeotrichia treatments: 15 of the 59
identified taxa showed significant Gloeotrichia or
Gloeotrichia x time interactions in the RM-ANOVA
(Appendix S2: Table S1). For example, the dia-
toms Asterionella, Stauroneis, Stephanodiscus, Syne-
dra, and Tabellaria showed both statistically and
biologically significant increases following the
400 colonies/L Gloeotrichia treatment, with more
modest increases in the 50 colonies/L Gloeotrichia
treatment (Appendix S2: Fig. S1). Mougeotia,
Oedogonium, and Zygnema increased following
the addition of 400 Gloeotrichia colonies/L,
suggesting a shift toward filamentous green
algae dominance relative to the non-Gloeotrichia
controls (Appendix S2: Fig. S1); however, only
the responses in Mougeotia reached statistical sig-
nificance (Appendix S2: Table S1). Similarly, the
filamentous cyanobacteria Anabaena (taxonomi-
cally revised to Dolichospermum) and Oscillatoria
increased immediately following Gloeotrichia
addition, but declined to baseline levels there-
after (Appendix S2: Fig. S1). Although there were
some changes in the biovolume of other taxa,
there were no statistically significant treatment
effects on any of the individual cryptophyte,
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chrysophyte, or dinoflagellate taxa (Appendix S2:
Table S1).

Path analysis

Individual phytoplankton taxa responded to
both Gloeotrichia’s direct non-nutrient effects and
its indirect nutrient-mediated effects in our path
analysis models (Table 1, Fig. 1). Altogether,
more taxa responded significantly to Gloeotri-
chia’s indirect, nutrient effects than to direct, non-
nutrient effects. Gloeotrichia’s direct, non-nutrient
effects were positive, while its indirect, nutrient-
mediated effects were both positive and nega-
tive; the magnitude and direction of the nutrient
and non-nutrient effects varied among phyto-
plankton taxa. The direct, non-nutrient effects
were strong and positive for four taxa: one
cyanobacterium, one dinoflagellate, and two
euglenophytes. Of the 19 taxa with significant
responses to Gloeotrichia’s indirect, nutrient-
mediated effects, 10 taxa (primarily diatoms and
green algae) had positive responses and nine
taxa (primarily cryptophytes, cyanobacteria,
euglenophytes, and dinoflagellates) had negative
responses.

Aggregate and compositional variability

Despite an increase in the total biovolume of the
phytoplankton community and major shifts in
individual taxa, aggregate phytoplankton variabil-
ity did not change with Gloeotrichia treatment, con-
trary to expectations (Fig. 2a; one-way ANOVA
on CV for each mesocosm, F31, = 0.04, P = 0.99).
Moreover, compositional variability decreased with
increasing Gloeotrichia density (Fig. 2b).

While the results were robust to the choice of
distance metric (Jaccard vs. Bray-Curtis), there
were differences in the strength of pairwise com-
parisons of temporal variability among treatments.
Based on a Jaccard presence/absence distance met-
ric, dispersion of the non-Gloeotrichia control was
significantly different from all +Gloeotrichia treat-
ments: 25 colonies/L treatment (95% CI, 0.0087—
0.094, P =0.017); 50 colonies/L. treatment (CI,
0.017-0.10, P = 0.006), and 400 colonies/L. Gloeotri-
chia treatment (CI, 0.065-0.15, P = 0.00003). There
were also significant differences between the
25 colonies/L. treatment and the 400 colonies/L
treatment (CI, 0.014-0.099, P = 0.009) and between
the 50 colonies/L and the 400 colonies/L treatment
(CL, 0.005-0.091, P =0.026). There was no
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Table 1. The results of the path analyses differentiating the direct, non-nutrient effects and the indirect,
nutrient-mediated effects of Gloeotrichia on the phytoplankton taxa in the 0, 25, 50, and 400 Gloeotrichia

colonies/L treatments.

Non-nutrient effect

Nutrient effect

Division Genus Parameter estimate and SE P-value Parameter estimate and SE P-value
Bacillariophyta Asterionella 0.246 + 0.090 0.006 0.250 + 0.036 <0.0001
Fragiliaria —0.139 £+ 0.124 0.26 0.131 £ 0.020 <0.0001
Stauroneis —0.277 £ 0.147 0.06 0.270 £ 0.097 0.005
Stephanodiscus —0.230 £ 0.121 0.06 0.217 + 0.033 <0.0001
Synedra 0.146 £ 0.110 0.19 0.182 + 0.027 <0.0001
Tabellaria 0.249 + 0.111 0.02 0.052 + 0.008 <0.0001
Diatom sp. 2 0.244 + 0.121 0.04 —0.198 + 0.031 <0.0001
Chlorophyta Cosmarium 0.250 + 0.117 0.03 —0.043 + 0.007 <0.0001
Eudorina 0.040 £ 0.159 0.80 0.114 £ 0.101 0.26
Gloeocystis 0.179 &+ 0.111 0.11 0.142 + 0.021 <0.0001
Golenkinia —0.161 + 0.123 0.19 0.050 + 0.008 <0.0001
Gonium 0.254 + 0.141 0.07 0.152 + 0.093 0.10
Micractinium —0.099 + 0.124 0.43 0.144 + 0.022 <0.0001
Pediastrum —0.145 £+ 0.160 0.36 0.109 + 0.102 0.29
Staurastrum —0.146 + 0.122 0.23 0.218 + 0.033 <0.0001
Chrysophyta Chrysophaerella 0.253 + 0.117 0.03 —0.061 + 0.010 <0.0001
Dinobryon 0.137 £ 0.160 0.39 —0.112 + 0.102 0.27
Synura 0.172 £ 0.120 0.15 0.018 + 0.003 <0.0001
Cryptophyta Cryptomonad sp. 1 0.134 + 0.124 0.28 —0.075 + 0.012 <0.0001
Cyanophyta Aphanizomenon 0.489 + 0.085 <0.0001 —0.017 £ 0.003 <0.0001
Aphanocapsa sp. 1 0.303 £ 0.150 0.04 —0.124 £ 0.100 0.22
Aphanocapsa sp. 2 0.382 £ 0.142 0.007 —0.097 + 0.099 0.32
Aphanothece 0.202 £ 0.157 0.20 —0.071 + 0.102 0.49
Chroococcus sp. 1 0.321 £ 0.148 0.03 —0.152 + 0.100 0.13
Chroococcus sp. 2 0.073 = 0.159 0.65 0.091 £ 0.101 0.37
Merismopedia sp. 2 0.304 £ 0.115 0.0083 —0.105 + 0.017 <0.0001
Euglenophyta Euglena 0.572 £ 0.076 <0.0001 —0.060 + 0.010 <0.0001
Trachelomonas sp. 2 0.672 & 0.063 <0.0001 —0.101 & 0.017 <0.0001
Pyrrophyta Gymmodinium 0.570 + 0.073 <0.0001 —0.029 + 0.005 <0.0001

Notes: The estimated regression coefficients with standard errors (SE) and P-values are given for the direct, non-nutrient
and indirect, nutrient effects for each phytoplankton taxon, sorted by phytoplankton division. Effects that are significant after

Bonferroni correction are highlighted in boldface.

significant difference between the 25 and the 50
colonies/L treatments.

Differences in temporal variability across treat-
ments calculated using the Bray-Curtis metric
showed the same pattern in terms of strength of
differences between treatments, but the differ-
ences were generally smaller and only three com-
parisons—control vs. 25 colonies/L, control vs.
50 colonies/L, and control vs. 400 colonies/L—
were significantly different in temporal variability.
The difference in dispersion results between the
two metrics indicates that changes in community
variability were driven primarily by changes in
the presence and absence of species, rather than
changes in relative abundance.
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Network analysis

The phytoplankton communities in the highest
Gloeotrichia density treatment exhibited signifi-
cantly higher network complexity than commu-
nities in the non-Gloeotrichia control (Fig. 3), as
indicated by more nodes (i.e., greater richness)
and edges, higher network density and transitiv-
ity, and lower mean shortest path lengths in the
simulated Erdds-Rényi networks (Fig. 4; permu-
tational ANOVA, all F3, 3996 > 91185, P < 0001)
We observed significantly more taxa co-occur-
rences in the 400 colonies/L treatment vs. control
(Fig. 4), with the identity of the highest degree
nodes changing with the density of the Gloeotri-
chia treatment (Fig. 3). In general, the structural
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Fig. 2. Temporal variability of the phytoplankton community after Gloeotrichia addition. Aggregate variability
(a) was calculated as the coefficient of variation (CV) of total phytoplankton biovolume (BV). Compositional
variability (b) was calculated using multivariate dispersion (Anderson 2006), here visualized as a principal
coordinates (PCoA) ordination of phytoplankton community composition. Each point in b represents the mean

value of a treatment on a given date. In both panels, error bars are standard errors across the four replicates.

characteristics of the observed networks closely
followed the patterns of the simulated networks
(Fig. 4). Tukey’s post hoc tests showed significant
differences in all network structural characteris-
tics among treatments.

Interestingly, node degree in the phytoplankton
networks may be potentially related to a taxon’s
sensitivity to Gloeotrichia’s indirect, nutrient-
mediated effects and direct, non-nutrient effects.
Two of the phytoplankton taxa with the highest
node degree (“hubs”) in the 400 colonies/L treat-
ment (diatoms Asterionella and Synedra) exhibited
strong positive responses to Gloeotrichia’s indi-
rect, nutrient-mediated effects. In contrast, two
of the taxa with the lowest node degree in the
400 colonies/L  treatment (the dinoflagellate
Gymnodinium and euglenophyte Trachelomonas)
exhibited some of the largest positive responses
to Gloeotrichia’s direct, non-nutrient effects.

DiscussioN

Studies with macroscopic organisms have
demonstrated that increases in a strongly inter-
acting taxon can have widespread effects on the
structure and variability of ecological communi-
ties (Paine 1980, Power et al. 1985). Here, we
show that there are also microscopic strong
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interactors: This study demonstrates that the
cyanobacterium Gloeotrichia echinulata can be a
strong interactor with the ability to increase bio-
mass, stabilize community composition, and
increase network complexity of the phytoplank-
ton community. This experiment simulated the
natural blooms of Gloeotrichia that occur in low-
nutrient lakes, which translocate large quantities
of N and P from the sediments into the nutrient-
limited pelagic zone; these nutrients can then
become available through multiple mechanisms
to increase other phytoplankton.

Interestingly, some of Gloeotrichia’s effects were
counter to expectations, in regard to both our
own predictions and conventional ecological wis-
dom on the effects of cyanobacterial blooms on
phytoplankton communities. First, our data con-
tradict the expectation that cyanobacteria gener-
ally have negative effects on eukaryotic algae, and
add to the small but growing body of literature
that demonstrates stimulatory effects by
cyanobacteria, especially in natural in situ phyto-
plankton communities (e.g., Pitois et al. 1997,
Noges et al. 2004, Suikkanen et al. 2005). Second,
contrary to our initial predictions, Gloeotrichia
decreased the compositional variability of the
phytoplankton community, despite increasing the
biovolume, richness, evenness, and diversity (as
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Fig. 3. Observed networks of phytoplankton co-occurrences in the four Gloeotrichia density treatments (0, 25,
50, and 400 colonies/L). Each colored circle represents a node, or taxon in the phytoplankton community, with
the line (or edge) connecting taxa representing an observed co-occurrence. The color of the node denotes the

division of the phytoplankton taxon, and the size of the node is scaled to the node degree, the number of edges
connected to each taxon (hubs are the largest nodes in each network).
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Fig. 4. Phytoplankton community network complexity increased with Gloeotrichia density, as indicated by a
greater number of nodes and edges, decreased mean shortest path length, higher network density, and higher
transitivity. The boxplots show the structural network characteristics of the simulated 1000 networks; the red

triangle denotes the observed network attributes.

previously reported by Carey et al. 20144). Conse-
quently, while we generally think of cyanobacteria
as increasing phytoplankton variability, Gloeotri-
chia’s stimulation of other phytoplankton resulted
in a more predictable community composition in
this experiment.

The positive effects of Gloeotrichia on phyto-
plankton community stability correspond with
increased phytoplankton network complexity at
higher Gloeotrichia densities. This increase in net-
work complexity is driven by increases in taxa
richness (as indicated by the number of nodes) as
well as the number of co-occurrences among
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taxa: At high Gloeotrichia densities, the commu-
nity had more taxa that consistently co-occurred.
This follows the Bray-Curtis and Jaccard disper-
sion results, which suggest that Gloeotrichia’s
primary mechanism of increasing network com-
plexity in the 400 colonies/L treatment was by
stimulating many rare and moderately abundant
taxa, not by changing the abundance of the
dominant species.

The close correspondence in structural metrics
between the empirical and simulated networks
emphasizes that the phytoplankton communities
in the mesocosms within a treatment were much
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more similar to each other than among treatments
over the course of the experiment, even though
the simulated networks were generated from
resampling observations both during and after
the Gloeotrichia blooms. In addition, the similarity
between the empirical and simulated networks
demonstrates that the simulated networks,
derived from 1000 Monte Carlo simulations,
successfully captured the underlying network
properties of the observed phytoplankton com-
munities within each Gloeotrichia treatment.

We observed that the mean shortest path
length between taxa was much lower, and transi-
tivity and network density were much higher,
in the 400 colonies/L. treatment than in the
non-Gloeotrichia control. In particular, transitivity
was 0.62 in the 400 colonies/L observed network
(Fig. 4), which is extremely high for an ecological
community (e.g., Kara et al. 2012, Patrick et al.
2014) and indicates a very dense network. Impor-
tantly, because transitivity is robust to the num-
ber of nodes, our data suggest that Gloeotrichia
increases phytoplankton network complexity not
only by increasing richness but also by increas-
ing co-occurrences, as illustrated by the very
high node degree of some taxa (Fig. 3). In the
400 colonies/L. treatment, the network hubs
exhibited large positive responses to Gloeotrichia’s
nutrient stimulation, without decreases in even-
ness (Carey et al. 2014a).

Across treatments, Gloeotrichia at high densi-
ties may increase the “small-world” nature of
the phytoplankton community relative to non-
Gloeotrichia controls. Small-world networks, as
defined by Watts and Strogatz (1998), are charac-
terized by a low shortest mean path length and
high transitivity, as well as by having hubs.
Small-world networks tend to be robust to per-
turbations and the random loss of nodes, but are
vulnerable to targeted removal of hub taxa (Sole
and Montoya 2001, Olesen et al. 2007), which
has implications for the stability of a community
network. Consequently, it may be possible that
cyanobacterial blooms increase the resilience of
phytoplankton communities to future distur-
bance after a bloom ends. While network analy-
sis is in its early stages of application for
phytoplankton communities, it holds much pro-
mise for analyzing relationships of co-occurring
taxa. In particular, integrating measurements of
community stability (via dispersion) and
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network complexity may provide insight into
how communities respond to changes in the
abundance of strongly interacting taxa.

Gloeotrichia’s ~ indirect nutrient stimulation
effects acted in concert with its direct, non-nutri-
ent effects to constrain the phytoplankton com-
munity, decreasing compositional variability but
not aggregate variability. Micheli et al. (1999)
described some communities with low composi-
tional variability as exhibiting synchrony, which is
often driven by parallel responses of different taxa
to environmental drivers such as nutrients, as we
observed in the high Gloeotrichia treatments rela-
tive to the control (Appendix S2: Fig. S1).

The decrease in compositional variability is
likely also due to additional direct mechanisms
that enhance Gloeotrichia’s positive nutrient effects,
such as the excretion of bioactive secondary
metabolites that other phytoplankton can use for
their own metabolism, or antibacterial or antifun-
gal compounds that promote phytoplankton
growth (Suikkanen et al. 2005, Leflaive and Ten-
Hage 2007). While we did not measure these com-
pounds, other studies in both laboratory and field
settings have quantified the positive effects that
cyanobacteria can exert on other phytoplankton
via biochemical interactions (Suikkanen et al.
2005, Leflaive and Ten-Hage 2007). We note that
there are likely other mechanisms by which Gloeo-
trichia may modify the environment (e.g., by alter-
ing light availability) for which we do not have
data but may have had important effects (Carey
et al. 2014b). Regardless of which mechanisms
were occurring in the mesocosms, our results
support the hypothesis that both facilitation and
the increase in weak pairwise interactions can
increase community stability and resilience to
disturbance, as observed in other communities
(McCann et al. 1998, Downing et al. 2014).

Based on the path analysis models, the magni-
tude of Gloeotrichia’s indirect, nutrient and direct,
non-nutrient effects varied among phytoplankton
taxa. Diatoms, green algae, and chrysophytes
were generally more sensitive to nutrient-
mediated effects, whereas the cyanobacteria,
dinoflagellate, and euglenophyte taxa responded
to both the non-nutrient- and nutrient-mediated
effects of Gloeotrichia density (Table 1). This result
may reflect the ecological and life history charac-
teristics of these phytoplankton groups. For exam-
ple, many diatom and green algae taxa are able to
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respond quickly to increased nutrient availability
(reviewed by Reynolds 2006), which may explain
their rapid increase in biovolume in the meso-
cosms with high Gloeotrichia densities. We think it
unlikely that the increases were due to phyto-
plankton attached to Gloeotrichia colonies because
the colonies were cleaned very thoroughly, and
the growth rates (r) of these taxa within the meso-
cosms are consistent with published phytoplank-
ton growth rates (Reynolds 2006, Carey et al.
2014a). Carey and Rengefors (2010) observed that
Gloeotrichia stimulated a diverse array of crypto-
phytes, cyanobacteria, diatoms, and dinoflagel-
lates, even under high-nutrient conditions. There,
too, the majority of taxa exhibited positive
responses to Gloeotrichia presence.

The sensitivity of individual phytoplankton
taxa to Gloeotrichia’s nutrient and non-nutrient
effects has implications for the larger phyto-
plankton community network. The diatoms
Asterionella and Synedra, network hubs in the
experiment, exhibited very strong positive
responses to Gloeotrichia’s nutrient-mediated
effects. Studies examining networks composed of
taxa across multiple trophic levels find that hubs
play a critical role in maintaining network con-
nectedness and providing resilience to distur-
bance (e.g., Sole and Montoya 2001, Olesen et al.
2007); we expect hubs play similar roles in net-
works composed of taxa on the same trophic
level. Thus, Gloeotrichia’s indirect nutrient stimu-
lation effects may be more important than its
direct, non-nutrient effects for altering overall
network complexity and community structure.

In conclusion, as a strongly interacting species,
Gloeotrichia and its nutrient subsidies determined
the structure (i.e., co-occurrence networks) and
compositional variability of the phytoplankton
community through both direct and indirect
effects. In contrast to conventional ecological
wisdom, blooms of this cyanobacterium appear
to act as a stabilizing force in the phytoplankton
community of a low-nutrient lake, as demon-
strated by increased temporal stability in com-
munity composition and increased network
complexity. Importantly, these stabilizing effects
persisted even after Gloeotrichia decreased. Are
these effects a general pattern among strongly
interacting species, or are they a consequence of
Gloeotrichia’s ability to simultaneously affect
many members of the phytoplankton
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community through both direct and indirect
mechanisms? Our results suggest that strongly
interacting species such as Gloeotrichia can have
unanticipated and profound effects, substantially
altering the temporal dynamics and stability of
complex communities.
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