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Abstract

Biofilms represent a metabolically active and structurally complex component of
freshwater ecosystems. Ephemeral prairie streams are hydrologically harsh and prone
to frequent perturbation. Elucidating both functional and structural community
changes over time within prairie streams provides a general understanding of micro-
bial responses to environmental disturbance. We examined microbial succession of
biofilm communities at three sites in a third-order stream at Konza Prairie over a 2-
to 64-day period. Microbial abundance (bacterial abundance, chlorophyll a concentra-
tions) increased and never plateaued during the experiment. Net primary productivity
(net balance of oxygen consumption and production) of the developing biofilms did
not differ statistically from zero until 64 days suggesting a balance of the use of
autochthonous and allochthonous energy sources until late succession. Bacterial com-
munities (MiSeq analyses of the V4 region of 16S rRNA) established quickly. Bacte-
rial richness, diversity and evenness were high after 2 days and increased over time.
Several dominant bacterial phyla (Beta-, Alphaproteobacteria, Bacteroidetes, Gemma-
timonadetes, Acidobacteria, Chloroflexi) and genera (Luteolibacter, Flavobacterium,
Gemmatimonas, Hydrogenophaga) differed in relative abundance over space and time.
Bacterial community composition differed across both space and successional time.
Pairwise comparisons of phylogenetic turnover in bacterial community composition
indicated that early-stage succession (<16 days) was driven by stochastic processes,
whereas later stages were driven by deterministic selection regardless of site. Our
data suggest that microbial biofilms predictably develop both functionally and struc-
turally indicating distinct successional trajectories of bacterial communities in this
ecosystem.
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biofilms are commonly exposed to disturbance events.

Introduction o . .
Microbial cells, particulates and nutrients enter streams

Most bacteria exist attached to surfaces and survive in
complex, multispecies communities. Biofilms form by
initial adhesion of bacteria to substrata and subse-
quently grow into an interdependent, matrix-enclosed
system (Davey & O’'Toole 2000). In many stream ecosys-
tems, which experience flow variability seasonally,
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from the surrounding landscape, groundwater inputs
and in subsurface flow (Veach et al. 2015; Battin et al.
2016), potentially interacting (both abiotic and biotic)
with streambeds, thereby potentially influencing biofilm
function and structure. In addition, stream biofilms
have a greater biomass of respiring bacteria relative to
flowing waters (Araya et al. 2003), and thus biofilm
microbial communities represent a highly metabolically
active component of freshwater ecosystems and provide
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an ecologically relevant system to study microbial suc-
cession.

Biogeochemical cycling in freshwater is strongly influ-
enced by biofilm communities and their developmental
stage (Battin et al. 2003, 2016). Further, biogeochemical
cycling controlled by stream biofilms can consequently
influence nutrient transport (Mulholland et al. 2008) and
be a significant source of nitrous oxide globally (Beau-
lieu et al. 2011). Grassland and wooded grassland
streams drain approximately one-fourth of the world’s
land area and one-fifth of total continental run-off origi-
nate from them (Dodds 1997). Therefore, understanding
the compositional and functional dynamics of microbial
communities in general, and grassland streams specifi-
cally, is necessary to predict responses of nutrient cycles
to global change (Wrona et al. 2006).

Successional ecology aims to characterize community
assembly over time either after an initial colonization or
following a disturbance and has provided mechanistic
insights into community development across taxa, espe-
cially for plants and animals (e.g. Cowles 1899; Cle-
ments 1916, Gleason 1926, Connell & Slatyer 1977;
Sousa 1979). Succession occurs as species abundances
change over time via deterministic (i.e. niche-based)
processes, such as selection through species interactions
or environmental filtering, or stochastic (i.e. random)
processes, such as ecological drift or random dispersal
and immigration (Hubbell 2001; Chase & Myers 2011).
Although successional ecology has been well character-
ized for macro-organisms, far less is known about
temporal dynamics of bacterial community assembly
(Fierer et al. 2010) especially in flowing waters (but see
Jackson et al. 2001; Lyautey et al. 2005; Besemer et al.
2007; Li et al. 2015). Other work has found that bacterial
communities exhibit successional dynamics highly
influenced by deterministic processes such as physical
conditions (Lyautey et al. 2005, Nemergut et al. 2007; Li
et al. 2015), or biotic interactions (algal-bacterial associa-
tions; Besemer et al. 2007). Alternatively, bacterial com-
munities may be controlled by stochasticity (i.e. random
speciation or extinction events, dispersal or drift)
during certain stages of succession (Zhou et al. 2014;
Dini-Andreote et al. 2015). The relative importance of
deterministic and stochastic processes during succession
depends not only on species arrival and timing of sub-
stantial biofilm growth (biotic effects), but also on envi-
ronmental fluctuations (e.g. nutrients, temperature) over
time (Dini-Andreote et al. 2015).

In this study, we characterized primary successional
dynamics of biofilm-associated microbial communities
in a native prairie stream by measuring both composi-
tional (algal and bacterial biomass, bacterial taxa relative
abundance, community composition) and functional
(biofilm net primary productivity (NPP)) aspects of

microbial succession. Microbial communities subjected
to physical and chemical disturbances in this ecosystem
rapidly acclimate functional attributes to match local
environments (<6 days; Kemp & Dodds 2002). Ephe-
meral prairie streams, which experience long periods of
little to no flow, but very flashy, high discharge flood
events on an annual basis (Dodds et al. 2004; Costigan
et al. 2015) may have microbiota adapted to disturbance
and be particularly important ecosystems to study
microbial community successional dynamics. First, we
hypothesized that microbial abundance (algae, bacteria)
would increase over time, but peak ca. 30 days (indica-
tive of late-stage succession) as seen in previous meta-
bolic studies in prairie streams (Dodds ef al. 1996).
Second, biofilm NPP would initially be net heterotrophic
(greater dissolved oxygen (DO) consumption than pro-
duction) because of low abundances and biomass of
autotrophs relative to heterotrophs, but would shift to
net autotrophy as a result of increasing autotrophic bio-
mass. Third, we hypothesized that early-stage bacterial
communities would be composed of a few pioneer spe-
cies capable of colonizing substrata, and these communi-
ties would be amended with additional species resulting
in a gradual increase in species diversity over time.
Lastly, as other studies have found that specific bacterial
groups may be adapted for early biofilm formation and
succession (e.g. Proteobacteria; Dang & Lovell 2000;
Lyautey et al. 2005), we hypothesized that although spa-
tial differences will be apparent, biofilm bacterial com-
munities will be primarily influenced by stochastic
community assembly processes during colonization and
early biofilm formation, and selection will be the pre-
dominant driver of later microbial community succes-
sion due to environmental filtering and/or species
interactions. Community composition across sites will
be variable during early succession, but over time this
site variability will decrease. During late succession,
communities will converge across sites, due to
deterministic processes, resulting in similar community
compositions.

Materials and methods

Study location

We used the main reach of Kings Creek at Konza
Prairie Biological Station located in the Flint Hills of
northeastern Kansas in this study. Unglazed ceramic
tiles (N =200 per site to allow for random sampling;
4.8 x 2.8 cm) were autoclaved and then adhered to
large bricks (40.6 x 40.6 cm) using aquarium silicon
and submerged in three separate pools (Fig. S1, Sup-
porting information). Tiles were placed within each of
three stream locations on 5 April 2013 and removed 2,
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4, 8, 16, 35 and 64 days later. These pools were discon-
nected from one another at the beginning of the experi-
ment (zero surface flow), but became connected after a
38.4 mm rainfall event at 13 day post-tile placement
(Fig. 52, Supporting information).

Physicochemical variables

Water chemistry (NO3;-N, NH4N), water turbidity
(NTU) and water temperature data were collected at
each site during each sampling period. Water was col-
lected in each pool and filtered (GF/F, 2 pm size, GE
Healthcare Companies) into acid-washed bottles and
kept at —20 °C until thawed for inorganic N chemical
analysis. Water column NO;-N and NH,-N analyses
were performed by segmented flow analysis on an OI
Analytical Flow Solution IV instrument using colorimet-
ric techniques. Water turbidity was measured in situ
using a YSI sonde (YSI 6136, Yellow Springs, OH, USA)
which was calibrated each sampling time prior to mea-
surement. Water temperature data were also collected
using this instrument. Due to probe malfunction, tur-
bidity data were not collected on day 4 (Table S1, Sup-
porting information).

Microbial abundance and biofilm metabolism

We randomly sampled tiles to estimate algal biomass,
bacterial cell abundance and biofilm metabolism (NPP).
From each of the three pools and at each time (2, 4, §,
16, 35, 64 days postplacement), (i) three tiles were col-
lected for algal biomass, placed in Whirl-Pak bags
(Nasco International, Fort Atkinson, WI, USA) and
stored at —20 °C; (ii) three tiles were collected for bacte-
rial cell abundance, placed in a nuclease-free 50-mL
centrifuge tube, preserved in a 3% formalin solution
and stored at 4 °C; and (iii) two tiles were collected into
a 50-mL centrifuge tube containing stream water from
each respective sampling pool and kept upright (to pre-
vent biofilm disturbance) to measure NPP upon arrival
in the laboratory. Day 2 samples did not have adequate
biomass to obtain NPP measurements.

Algal biomass tiles analysed for chlorophyll a were
placed in a 95% ethanol: H,O solution, heated at 78 °C
for 5 min and kept at 4 °C for ~12 h (Sartory & Grobbe-
laar 1984). Extract solution was analysed using a spec-
trophotometer (Hitachi High Technologies America,
Inc., Schaumburg, IL, USA) according to standard meth-
ods (APHA 1995) and corrected for tile surface area.
Preserved biofilm subsamples were incubated with 4',6-
diamidino-2-phenylindole (DAPI) nucleic acid stain
(5 mg/mL) for 5 min and filtered (Whatman Nuclepore,
0.2 um membrane size; GE Healthcare Companies). For
each sample, the number of bacteria, as determined by
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cellular morphology (fungal hyphae and algal cells
were noted, but not included in this count), on the
membranes was estimated by counting 10-15 optical
fields under an epifluorescent microscope (Nikon Labo-
phot-2; Nikon Corporation, Tokyo, Japan). We acknowl-
edge this may exclude larger cells (e.g. cyanobacteria)
in our estimates, but is still likely a good representation
of changes in bacterial abundance. Replicates for both
bacterial abundance and chlorophyll 2 were averaged to
obtain one value for each site across time points for sta-
tistical analyses.

We estimated NPP by placing two tiles into a closed,
circulating chamber containing stream water from the
location where the tiles were collected. The chamber
was constructed using clear, acrylic plastic (US Plastics,
Lima, OH, USA) which allows for ~92% transmittance
of photosynthetically available radiation. A logging
membrane oxygen probe (YSI 600-XLM, Yellow Springs,
OH, USA) was placed horizontally in the chamber. A
fluorescent, full-spectrum light (20-watt mini-compact
bulb; Central Aquatics, Franklin, WI, USA) was placed
over the chamber to mimic daylight conditions
(~140 pmol quanta/m?/s). Both temperature and DO
were measured every 5 min for 20-25 min to obtain
NPP rates. Subsequently, the chamber was placed in
the dark to measure community respiration (CR) rates
as above. The slope of DO concentration change over
time in light and dark incubations was used to calculate
metabolic rates (NPP, CR), whereas gross primary pro-
ductivity (GPP) is NPP-CR, as in Bott (1996).

DNA extractions and Illumina MiSeq analysis

Total genomic DNA for three tiles from each site at
each sampling time was extracted using a Qiagen
DNeasy Plant Maxi kit (Qiagen, Venlo, the Netherlands)
using the manufacturer’s protocol with the following
modifications: tiles were sonicated (FS20; Fisher Scien-
tific, Pittsburgh, PA, USA) in the cell lysis solution until
biomass was removed from the tiles. Two tiles did not
yield enough DNA extract (Day 16 at two sites) and
were omitted (N = 52). Extracted DNA was quantified
using a NanoDrop 1000 spectrophotometer (NanoDrop
Products, Wilmington, DE, USA). Template DNA was
aliquoted into a 96-well plate at a concentration of
2 ng/pL.

We used a two-step PCR approach (see Berry et al.
2011) to avoid a 3'-end amplification bias generated
with DNA tags. This approach was used to prevent
potential barcode-specific PCR biases (Berry et al. 2011).
In the first PCR step, the 16S rRNA gene V4 region was
amplified using the 515F and 806R primers (Caporaso
et al. 2012). Each sample was amplified in three inde-
pendent 50 uL PCRs. Each reaction consisted of 2 pm of
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forward and reverse primers, 10 ng of template DNA,
25 pL Phusion High-Fidelity Master Mix (New England
Biolabs, Inc., Ipswich, MA, USA) and 10 pL of molecu-
lar grade water. Thermal cycler parameters (Eppendorf,
Hamburg, Germany) included 5 min denaturation at
94 °C, followed by 25 cycles with denaturation at 94 °C
for 1 min, annealing for 30 s. at 50 °C, extension for
1 min at 72 °C, with final extension for 10 min. Nega-
tive controls were included in PCRs to detect contami-
nation and all controls remained contaminant free. For
the secondary PCR, 10 uL of primary PCR products
was amplified as above with the exception of using
only five cycles and the inclusion of a reverse primer
joined with 12-bp unique molecular identifier tags
(MID-806R; Caporaso et al. 2012; Table S2, Supporting
information). All technical replicates for both primary
and secondary PCRs were visualized on a 1.5% agarose
(w/v) gel to check for amplification. After secondary
PCR visualization, the remaining PCR volume was
pooled per experimental unit and cleaned with Agen-
court AMPure (Beckman Coulter Inc., Pasadena, CA,
USA) as per manufacturer’s instructions except that we
used a 1:1 ratio of AMPure bead solution to PCR vol-
ume to further discriminate against short PCR frag-
ments. Each experimental unit was quantified for DNA
yield and pooled at equal molarity (115 ng per sample).
Amplicons were submitted to the Integrated Genomics
Facility at Kansas State University (Manhattan, KS,
USA), where Illumina-specific primers and adapters
were ligated into amplicons using a NEBNext® DNA
MasterMix for Illumina kit (Protocol E6040; New Eng-
land Biolabs Inc.) and sequenced using a MiSeq
Reagent Kit v2 (Illumina, San Diego, CA, USA) with
500 (2 x 250) cycles.

Bioinformatics

Sequences (.fastq) were processed using mothur (ver-
sion 1.32.1; Schloss et al. 2009). Paired-end.fastq files
were contiged and sequences with ambiguous bases,
with >2 mismatches to the primers, 1 mismatch to the
MID and homopolymeric regions >8 were removed.
Remaining sequences were aligned against a mothur-
implemented SILVA reference. Likely sequencer-gener-
ated errors were screened using a pseudo-single linkage
clustering (pre.cluster with diff =2; see Huse et al.
2010). Remaining sequences were screened for chimeric
properties with the mothur-implemented UCHIME
algorithm (Edgar 2010). After these steps, the median
read length was at 253 bp. Sequences were assigned to
taxonomic affinities using the naive Bayesian classifier
(Wang ef al. 2007) with a bootstrap threshold of 80%
against the RDP training set, version 9. Sequences not
assigned to Domain Bacteria (including Archaea,

mitochondria and chloroplasts) were omitted. A pair-
wise sequence distance matrix was calculated (extended
gaps not penalized) and sequences were clustered to
operational taxonomic units (OTUs) at a 97% similarity
threshold using an average neighbour-joining method.
Rare OTUs (abundance <10 across all experimental
units) were removed and taxonomic affinities were
assigned to clustered OTUs. We rarefied at 18 000
sequences per sample to minimize loss of samples. The
final rarefied data set with no ‘rare’ OTUs had 837 657
sequences and 3835 OTUs in total.

Statistical analyses

Multiple regression models were used to determine
whether microbial abundance and biofilm metabolism
(NPP, GPP, CR) differed over time and across sites. We
visualized data distributions over time to assess curva-
ture, as it is likely over successional time that biomass,
production and respiration, or diversity and relative
abundance of taxa may plateau and not necessarily fol-
low linear trends over time. Data were analysed using
two regression models: one with time and site as pre-
dictor variables and another with an additional quadra-
tic term for time (time®). The model with significantly
lower sum of square errors was chosen based on an
ANOVA table of both regression models. Microbial abun-
dance data and time were logjo-transformed for micro-
bial abundance models to meet model normality
assumptions. Biofilm metabolism regression models had
the y intercept at zero as it is logical to assume metabo-
lism rates equal to zero at the onset of the experiment.
An outlier was detected (high Cook’s D value; Cook
1979), for a 4-day measurement taken for GPP — likely
indicating probe malfunction — and was removed.

For bacterial communities, Good’s coverage (the com-
plement of the ratio of local OTU singletons to total
number of sequences) was calculated to determine how
well each sample represented the resident bacterial
communities. Observed OTU richness (Sgps), the com-
plement of Simpson’s diversity (1 — D: 1 — Zgl) and
Simpson’s evenness (Ep: 1/ 21271/ S), with p; representing
frequency of each OTU within a sample, were also cal-
culated for each site across each sampling time after
iteratively subsampling at a depth of 18 000 sequences
per experimental unit to reduce biases when comparing
diversity estimates (general term throughout remaining
text referring to richness, diversity and evenness) across
samples which vary in library size (Gihring et al. 2012).
A multiple linear regression model was used to deter-
mine whether observed bacterial OTU richness, diver-
sity and evenness differed over time and across sites.

Multiple regression models were also used to deter-
mine whether the relative abundance of dominant
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bacterial phyla and genera (represented > 1%
sequences) differed over time and across sites. Compo-
sitional differences among bacterial communities across
time and sites were determined by computing Bray-
Curtis dissimilarities and visualized using nonmetric
multidimensional scaling (NMDS). A multiple linear
regression model was then used to test whether NMDS
axis scores differed over time and across sites. Further,
a permutational multivariate ANOva (PERMANOVA; Ander-
son 2001) with 1000 permutations was used to deter-
mine sources of variation in community composition
across time and site after converting sequence abun-
dance data to a Bray—Curtis distance matrix.

A stepwise regression model selection by Akaike’s
information criterion minimization approach was used
to determine which physicochemical variables were cor-
related with microbial abundance, biofilm metabolism,
diversity estimates and relative abundance of dominant
phyla and genera. We also used environmental vector
fitting of these physicochemical variables with bacterial
community composition after 999 permutations. These
analyses were used to understand whether these
response variables varied with environmental condi-
tions measured spatiotemporally.

Phylogenetic turnover in community composition
framework

Community composition varies spatiotemporally due to
stochastic or deterministic processes or their combina-
tion (Chase & Myers 2011). Based on a recent synthesis
(Vellend 2010), we can categorize four main forces in
community assembly: selection, drift, speciation and
dispersal. Selection is a deterministic process which
results from environmental filtering and/or biotic inter-
actions, whereas the other processes are stochastic oper-
ating by themselves or in conjunction with selection.
Here, we use a statistical framework (Stegen et al. 2013)
which quantifies the influence of selection (deterministic
process) vs. stochastic processes on bacterial community
assembly over primary succession. We calculated p-
mean nearest taxon distance (BMNTD; Fine & Kembel
2011; Webb et al. 2011) as the phylogenetic distance
between each OTU in a community (k) and its closest
relative in a second community (1m):

A i
BMNTD = 0.5 | > " fimin (A;;,) + > fi,min (A;, ;)]
=1 =1
where f;, is the relative abundance of each OTU i in the
community k, 7y is the number of OTUs in community k
and min(A;,;,) is the minimum phylogenetic distance
between i in k and all OTUs j in community m. BMNTD
values can be less than, equal to or greater than the
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amount of phylogenetic turnover expected when selection
does not affect community composition. Values less than
expected phylogenetic turnover occur due to selection of
species via similar environmental conditions or biotic
interactions resulting in community composition to be
similar to each other, whereas estimates greater than the
expected turnover are due to differing environments
constraining communities to be distinct from one
another (species-sorting mechanisms, Chase & Myers
2011). Assessment of the degree of deviation from a null
expectation was calculated by a randomization test that
shuffled species identity and relative abundance across
tips of the phylogeny. After this procedure, a null value
BMNTD was calculated and repeated 999 times. Null
values of PMNTD were generated using a regional spe-
cies pool derived from all OTUs present over time and
sites. The difference between observed PMNTD and the
mean of the null distribution (after 999 randomizations)
was measured in standard deviation units. This estimate
is termed the B-nearest taxon index (BNTI). Values <—2
or >2 indicate that observed BMNTD differs by more
than 2 standard deviations from a null expectation and
indicate that communities are driven by selection, not
stochastic processes. To assess the influence of stochas-
ticity vs. determinism in influencing microbial commu-
nity succession, we compared BNTI of the earliest
successional stage communities (day 2) with all other
time points within a site. Subsequently, a multiple linear
regression was used to determine whether PNTI com-
parisons with day 2 communities differed over time and
sites. This allowed the detection of both temporal
changes in phylogenetic turnover and the degree of
divergence in successional trajectories across sites. These
analyses assume (i) there is no dispersal limitation
among communities across space and time (all commu-
nities are assembled from the same regional species
pool) and (ii) that phylogenetic distance accurately
reflects ecological distance between OTUs (i.e. phyloge-
netic signal, Stegen et al. 2012, 2013). The first assump-
tion is reasonable for communities sampled in this
ecosystem due to each site being at least marginally con-
nected and within 500 m of each other in flowing waters
(site 1 and 2 are downstream of site 3, Fig. S1, Support-
ing information). The second assumption could not be
effectively tested with this data set as we did not sample
across an environmental gradient, and thus could not
calculate differences in environmental optima among
OTUs. However, other studies have found significant
phylogenetic signal in bacterial OTU ecological niches
across multiple ecosystems (subsurface, stream biofilms,
salt marsh sediments, lake water, sediment and soil;
Wang et al. 2013; Dini-Andreote et al. 2015) so we
assume these communities follow a similar trend. The
phylogeny was estimated using QIIME (Caporaso et al.
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2010) implemented in FASTTREE program (Price et al.
2009) and all null model analyses were performed in R
(R Development Core Team 2015).

All richness and diversity estimates were calculated
in mothur (version 1.32.1, Schloss et al. 2009). All
regression analyses were performed using the sTATS
package, PMNTD calculations in the riCANTE package
(Kembel et al. 2010), stepwise model selection in the
Mass package (Venables & Ripley 2002) and permuta-
tional multivariate ANova and NMDS using the VEGAN
package (Oksanen et al. 2016) in R (version 2.13.1, R
Development Core Team 2015).

Results

Microbial abundance and biofilm metabolism

No physicochemical variable differed over time or
across sites (Table S3, Supporting information). Chloro-
phyll a increased linearly over time (Table 1, Fig. 1),
whereas bacterial abundance increased linearly until
late-stage succession where it began to slow (Table 1,
Fig. 1). Early succession (2 days of incubation) was
characterized by low microbial abundance (chlorophyll:
0.25 pg/ cm?; bacteria: 7.5 x 10° cells/cm?), whereas
later during succession (64 days), abundance was more
than an order of magnitude greater (chlorophyll:
4.77 ng/ cm? bacteria: 2.71 x 10° cells/cm?). Chloro-
phyll concentrations differed across sites and had a
time and site interaction (Table 1, Fig. 1). Chlorophyll
was positively correlated with temperature and NO;-N
(T = 6.32, 2.44), and negatively correlated with NH,—N
and turbidity (T = —2.60, —5.31, F4o=128.48, Adj.
R? = 0.89, P < 0.01). Bacterial abundance was also posi-
tively correlated with temperature (T = 2.50) and nega-
tively correlated with turbidity (T = —4.63, F,1; = 18.37,
Adj. R* = 0.73, P < 0.01).

All biofilm metabolism rates increased over time
except CR. GPP and CR rates differed across sites
(Table 1, Fig. 2). CR rates were greatest at 35 day (aver-
age: —1.92 x 10 * mg DO/cm?/min), whereas GPP
rates increased linearly over time and late succession
(64 days, average: 3.71 x 10~ mg DO/ c¢m?/min) hav-
ing rates more than twice those of early stages (4 days,
average: 1.6 x 10 * mg DO/cm®/min). A one-sample #-
test for each time point indicated that NPP did not dif-
fer from zero until 64 days (T = 7.5, d.f. =2, P = 0.017).
These data indicate that during primary succession, rel-
ative rates of DO production and consumption are simi-
lar until the late stage when communities become net
autotrophic. Both GPP and NPP were positively corre-
lated with temperature (T =7.28, 5.32) and turbidity
(T = 4.66, 2.76, F5 = 26.82, 14.14, Adj. R* = 0.84, 0.72,
respectively, P < 0.01).

Bacterial community diversity and composition

Bacterial communities established rapidly on sub-
merged tiles. Bacterial richness, diversity and evenness
increased linearly over time (P < 0.04, Table 2, Fig. 3).
These response variables also differed between sites
(Table 2, Fig. 3). Good’s estimate of coverage did differ
between sites (Site 2, T = —4.27, P < 0.01), but was, on
average, 0.88 & 0.02 meaning communities are under-
sampled even at 18 000 subsampled sequences per
experimental unit. Rarefaction curves confirmed this: no
plateau was reached at 18 000 sequences per sample
(Fig. S3, Supporting information). Therefore, our conclu-
sions on bacterial diversity for this study may be lim-
ited. No diversity estimate, or Good’s coverage, was
correlated with any physicochemical variable (P > 0.70).

Across all sampling times, dominant phyla (or classes
of Proteobacteria) (>1% of total abundance) were
Betaproteobacteria (22.2% sequences), Bacteroidetes
(21.8%), Verrucomicrobia (17.7%), Alphaproteobacteria
(7.2%), Gammaproteobacteria (6.1%), Gemmatimonade-
tes (3.0%), Deltaproteobacteria (2.9%), Acidobacteria
(1.1%) and Chloroflexi (1.0%). Dominant families con-
sisted of the Verrucomicrobiaceae (14.1% sequences),
Comamonadaceae (12.9%), Flavobacteriaceae (8.4%),
Xanthomonadaceae (3.1%), Rhodobacteraceae (3.1%),
Gemmatimonadaceae (3.0%), Chitinophagaceae (2.0%),
Opitutaceae  (1.5%),  Sphingomonadaceae  (1.5%),
Cytophagaceae (1.3%) and Rhodocyclaceae (1.1%). Lute-
olibacter (11.6%), Flavobacterium (8.3%), Gemmatimonas
(3.0%), Hydrogenophaga (2.1%) and Opitutus (1.2%) were
the dominant genera.

Bacteroidetes relative abundance declined over time ini-
tially, but remained stable ~16-35 days (P < 0.01), whereas
Alphaproteobacteria and Gemmatimonadetes increased
initially and plateaued ~35 days and remained stable
thereafter (P < 0.01, Table S4, Supporting information).
Chloroflexi relative abundance remained stable until
35 days and then declined. Betaproteobacteria relative
abundance decreased, whereas Acidobacteria increased
linearly over time (P < 0.01, Table S4, Supporting informa-
tion). All dominant phyla’s relative abundance differed
across sites and/or had a site-by-time interaction except
Alphaproteobacteria and Verrucomicrobia (P < 0.05,
Table S4, Supporting information). Flavobacterium and
Hydrogenopha linearly declined in relative abundance over
time (P < 0.01, Table 3). Gemmatimonas and Luteolibacter
increased over time, until day 35 when their relative abun-
dance plateaued (P < 0.01). Flavobacterium, Gemmatimonas
and Hydrogenophaga had a time and site interaction,
whereas Luteolibacter only differed across sites (P < 0.05,
Table 3). Both Betaproteobacteria and Gammaproteobac-
teria were negatively correlated with water temperature
(T = —3.01, —2.56, F; 1, = 9.07, 6.54, Adj. R* = 0.38, 0.30,
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Table 1 Multiple regression model statis-
tics for microbial abundance and biofilm
metabolism data. Model results indicate
all response variables change over suc-

Response variable Estimate

Full model statistics

T-value P-value F-statistic d.f. Adj. R? P-value

cessional time except CR. Note that

chlorophyll a, bacterial abundance and Chlorophyll a

time were logjo-transformed for micro- Ir}tercept

bial abundance models. Estimate coeffi- Time

cients represent regression slope values Site 2
Site 3

unless found in the intercept component

of each model Time x Site 2

Time x Site 3
Bacteria

Intercept

Time

Time?

Site 2

Site 3

Time x Site 2

Time x Site 3
GPP

Time

Time?

Site 1

Site 2

Site 3

Time x Site 2

Time x Site 3
CR

Time

Site 1

Site 2

Site 3

Time x Site 2

Time x Site 3
NPP

Time

Time?

Site 1

Site 2

Site 3

Time x Site 2

Time x Site 3

45.46 12 093 <0.01
-0.71 —486  <0.01
0.71 568  <0.01
—0.91 —438  <0.01
0.15 0.72 0.49
0.67 384 <001
0.12 0.70 0.50
44.71 11 094 <0.01
4.86 16.88  <0.01
3.39 643  <0.01
—0.88 —373  <0.01
—-0.15 —0.51 0.62
0.37 1.26 0.24
0.26 1.04 0.32
—0.08 —0.32 0.76
53.59 7 096 <0.01
x 10°  0.70 0.51
x 10% 249 0.04
1x 10* 255 0.04
2 x 10 431  <0.01
2 x 100 588  <0.01
x 107 —0.40 0.70
x 107 —0.48 0.64
51.50 8 096 <0.01
x 107 —0.72 0.48
x 10 —4.68  <0.01
x 10* —573  <0.01
-2 x 10* -731  <0.01
x 107 —0.35 0.74
x 107 0.76 0.47
6.96 7 075 0.01
x 10° —1.76 0.12
1x 107 318 0.02
1x10° 020 0.85
4x10° 098 0.36
6 x 10° 141 0.20
x 107 —045 0.66
4 x 107 024 0.81

P =0.01, 0.03, respectively). Verrucomicrobia was nega-
tively correlated with water turbidity (T = —-2.62,
Fi112 = 6.85, Adj. R* = 0.31, P = 0.03). Concerning bacterial
genera relative abundance, Luteolibacter was negatively
correlated with turbidity (T = —2.49, F;1, = 6.15, Ad,j.
R?=0.28, P = 0.03) and Flavobacterium was negatively cor-
related with temperature (T = —4.52, F; 1, = 20.44, Adj.
R*=0.60,P < 0.01).

Bacterial communities changed compositionally over
both time and site (NMDS, 2D Stress = 0.13; Fig. 4).
Temporal trends in composition were most apparent
visually across NMDS Axis 2. Based on linear regres-
sion, NMDS Axis 2 scores increased over time
(T =6.16, P <0.01) and differed between sites (Site 3

© 2016 John Wiley & Sons Ltd

T = 2.40, P = 0.03; Model Adj. R* = 0.72). NMDS Axis 1
scores also differed across sites (Site 2 and 3 T > 3.53,
P < 0.01, Model Adj. R* = 0.74). PErMANOVA of bacterial
community data indicated that community composition
differed over both time (R?>=0.28, P <0.01) and site
(R* =030, P < 0.01), with a significant time and site
interaction (R?=0.12, P <0.01). Some variation
remained unrepresented by our experimental design
(Residual R* = 0.29). No physicochemical variables were
correlated with community composition (envfit function;
P >0.10). However, based on phylogenetic turnover
analyses, bacterial communities significantly increased
in BNTI over time in pairwise comparisons between
other ‘later’ successional communities and the earliest



8 A. M. VEACH ET AL.

101 A

e}

Chlorophyll a (ug Jem?)
N

400 1 A

300 1

200 1

100 1

0| ws®

0 10 20 30 40 50 60
Time since placed in stream (day)

T T T T ™

Bacteria abundance (x10° cells/cm?)

Fig. 1 Algal biomass (chlorophyll a; Panel A) and bacterial cell
abundance (Panel B) over time (2-64 days). Both measures of
microbial abundance increased over time (P <0.01, Adj.
R?>0.93), whereas chlorophyll a also differed across sites.
Both panels are displaying raw data. Different shapes repre-
sent the three site samples (circles = site 1, triangle = site 2,
square = site 3). Regression statistics are listed in Table 1.

stage of succession (day 2) within each site (Adj.
R*>=0.77, P <0.01; Fig. 5). Further, BNTI did not differ
across sites, suggesting biofilm-associated bacterial com-
munity assembly is consistently driven by stochastic
processes (e.g. drift, dispersal) during early succession
and influenced by selection later (=35 days) (Fig. 5).

Discussion

In this study, our goal was to understand how stream
biofilm microbial communities establish and develop
over time, in terms of how microbial groups (algae, bac-
teria) change in biomass and metabolism (auto- and
heterotrophy) temporally, as well as pinpoint what
mechanisms influence bacterial community succession.
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Fig. 2 Gross primary productivity (GPP), community respira-
tion (CR; Panel A) and net primary productivity (NPP; Panel B)
measured on tiles across time (4-64 days). GPP and NPP
increased over time (P < 0.01, Adj. R? > 0.75), whereas GPP also
differed across sites. Note that respiration signifies oxygen con-
sumption, and therefore all values are negative. Different shapes
represent the three site samples (circles = site 1, triangle = site
2, square = site 3). Regression statistics are listed in Table 1.

These results serve as a first step towards understanding
temporal dynamics of microbial community structure
and function in streams, but also confirm that bacterial
communities are likely influenced by a stochastic arrival
of propagules leading eventually to a convergence
towards similar communities as a result of selection-
based processes.

Development of biofilm microbial abundance and
metabolic rates

Contrary to our hypothesis, algal biomass and bacte-
rial cell abundance increased over time but did not
appear to plateau (Fig. 1). Our results contrast similar

© 2016 John Wiley & Sons Ltd
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Table 2 Multiple regression model statistics for bacterial OTU richness (Sops), the complement of Simpon’s diversity and Simpson’s
evenness with successional time, site and their interaction. Estimate coefficients represent regression slope values unless found in the
intercept component of each model

Full model statistics

Response variable Estimate T-value P-value F-statistic d.f. Adj. R? P-value
Sobs 11.05 12 0.75 <0.01
Intercept 2634.11 19.43 <0.01
Time 11.50 261 0.02
Site 2 1152.76 6.01 <0.01
Site 3 239.88 1.25 0.23
Time x Site 2 -17.12 —2.75 0.02
Time x Site 3 —13.46 —2.16 0.05
Diversity 18.65 12 0.84 <0.01
Intercept 0.97 538.97 <0.01
Time 2 x 10* 3.41 <0.01
Site 2 0.02 6.57 <0.01
Site 3 -5 x 10* —0.21 0.83
Time x Site 2 -2 x 10* -2.17 0.05
Time x Site 3 -2 x 10° —0.27 0.79
Evenness 23.69 12 0.87 <0.01
Intercept 0.01 12.42 <0.01
Time 1 x 10* 3.27 <0.01
Site 2 0.008 6.06 <0.01
Site 3 —0.001 —0.79 0.45
Time x Site 2 -3 x 10° —0.74 0.47
Time x Site 3 3 x 10° 0.72 0.48

studies that evaluate the return time of benthic algae
in prairie streams after a flood event (Fisher et al.
1982; Dodds et al. 1996). Those studies concluded that
algal biofilm communities reach predisturbance levels
within 2 weeks (Dodds et al. 1996). These studies
examined secondary successional dynamics after a
flooding event instead of a primary successional
sequence. Habitat differences (e.g. geochemistry, dis-
charge) may partially explain discrepancies. Primary
succession and colonization of biofilm microorganisms
may be delayed or require conditioning (i.e. polymeric
substance present from the overlying water) before
biofilm construction occurs. In addition, nutrient avail-
ability, environmental temperature, hydrophobicity of
substrata or ionic interactions with bacteria and sub-
strata may affect the timing and rate of biofilm devel-
opment (Melo & Bott 1997; Siboni et al. 2007).
Although temperature was likely not low enough to
slow biofilm growth (Tables S1 and S3, Supporting
information), substrata may have required condition-
ing of organic materials (Siboni et al. 2007) before bio-
film communities establish. Further, grazing scars
were noticeable on biofilms across sampling times and
sites (A. Veach, personal observation), and therefore
continual removal of biomass by consumers may also
have limited the retention of microbial biofilm

© 2016 John Wiley & Sons Ltd

biomass. Minnows, whose diet is largely composed of
algae (Phoxinus erythrogaster and Campostoma anoma-
lum), are the most abundant fish consumers in the
study reach (Franssen et al. 2006). In fact, after a simu-
lated flooding event, the presence of P. erythrogaster
decreased algal biomass, albeit weakly, compared to
no fish treatments (Murdock et al. 2011). Due to low
baseflow before a precipitation event (prior to 16 days
samples), fish densities were likely high and grazing
effects and biomass removal may have been amplified
during our early observations. Despite the lag in
microbial biomass, bacterial diversity was high within
2 days, suggesting that it is unlikely that colonization
was delayed (at least for the heterotrophic component
of biofilms), but that the growth and establishment of
microbial communities, particularly algae, within bio-
films may be stunted because of unfavourable habitat
conditions or grazing.

In agreement with our hypothesis, NPP gradually
increased over time and was closely related to changes in
GPP (Fig. 2). CR rates were high within 4 days indicating
that an active heterotrophic microbial community cap-
able of using stream water-derived dissolved organic car-
bon established quickly. Biofilms exhibited no relative
change in DO consumption vs. production until late suc-
cession (64 days), which is likely attributable to high
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Fig. 3 Observed bacterial OTU richness (Sops; panel A), the
complement of Simpson’s diversity (1 — D; panel B) and Simp-
son’s evenness (ED; panel C) over time and across sites. All
differed over time and across sites (P < 0.01, Adj. R? > 0.71).
OTUs with a sequence count <10 were removed prior to these
calculations. Different shapes represent the three site samples
(circle = site 1, triangle = site 2, square = site 3). Regression
statistics are listed in Table 2.

algal biomass during this period. Generalizations about
the importance of allochthonous or autochthonous car-
bon sources during early biofilm succession may not be

discernible. Pohlon et al. (2009) found that pioneer bio-
film communities (7 days of growth) had low ratios of B-
xylosidase: B-glucosidase enzymes suggesting that bio-
films relied upon carbon sources derived from algae (as
would be expected for net autotrophic communities).
They found that late stages of succession (5 months)
resulted in biofilms likely using compounds from
allochthonous carbon sources. Contrary to this, biofilms
became net autotrophic after 2 months of growth and
exhibited a trajectory towards net autotrophy instead of
one directed to net heterotrophy. Allowing longer time
frames of primary succession to occur in this study sys-
tem (e.g. several months) may eventually lead to commu-
nities dependent upon autochthonous sources, as seen in
other studies examining ecosystem metabolism in prairie
streams (Riley & Dodds 2012).

Succession of bacterial biofilm communities

Succession has been described as a random, stochastic
arrival and assembly of taxa that, over time, converge
into similar community types due to local, deterministic
effects (Del Moral 2009). Studies evaluating succession
in biofilms suggest that initial biofilm formation is lar-
gely stochastic, reliant upon species recruitment from
the water column (Lyautey et al. 2005). After this initial
colonization, biomass increases and microbial cells com-
pete for resources, resulting in competitive exclusion
and a decline in species diversity. Once the biofilm
matures and multiple niches exist spatially, multiple
species may become abundant due to a more complex,
physical and chemical environment present (Lyautey
et al. 2005; Besemer et al. 2007). In this study, we found
that bacterial community composition changed substan-
tially over both time and space (Fig. 4), and although
diversity was high during early succession, it increased
over time (Fig. 3). These patterns are somewhat counter
to our hypotheses, but may indicate that we excluded
the earliest biofilm successional stages due to sampling
after 2 days instead of several hours (Pohlon et al.
2009). However, high alpha diversity initially may sug-
gest that dispersal is unlimited and community assem-
bly mechanisms, at least during early succession, are
‘weak’ (Weiher & Keddy 1999) and demographic
stochasticity (e.g. random subsets of regional species
pools), due to a plethora of open niche space, may con-
trol colonization and initial community establishment
(Weiher et al. 2011; Cornell & Harrison 2014). Based on
our analysis of phylogenetic turnover of community
composition, bacterial communities are primarily influ-
enced by stochastic processes during early succession
(Fig. 5). Only after biofilms have gained significant bio-
mass (day 35; Figs 1 and 5), do they display a greater
phylogenetic turnover indicating a lack of niche-based

© 2016 John Wiley & Sons Ltd
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Table 3 Multiple linear regression model statistics for dominant bacterial genera relative abundance and successional time, site and
their interaction. Estimate coefficients represent regression slope values unless found in the intercept component of each model

Full model statistics

Response variable Estimate T-value P-value F-statistic d.f. Adj. R? P-value
Luteolibacter 6.01 11 0.64 <0.01
Intercept 9.54 7.54 <0.01
Time 0.33 1.01 0.33
Time? —0.004 -3.43 <0.01
Site 2 —4.28 2.7 0.02
Site 3 1.61 1.01 0.33
Time x Site 2 0.03 0.62 0.55
Time x Site 3 —0.02 -0.39 0.70
Flavobacterium 35.53 12 0.91 <0.01
Intercept 7.88 12.55 <0.01
Time —0.07 —3.50 <0.01
Site 2 2.29 2.58 0.02
Site 3 6.92 7.79 <0.01
Time x Site 2 —-0.04 —1.46 0.17
Time x Site 3 —-0.11 —-3.96 <0.01
Gemmatimonas 15.34 11 0.84 <0.01
Intercept 2.35 7.65 <0.01
Time 0.10 4.63 <0.01
Time? —0.001 —4.15 <0.01
Site 2 -0.77 —-2.01 0.07
Site 3 —1.60 —4.17 <0.01
Time x Site 2 0.02 1.98 0.07
Time x Site 3 0.04 2.86 0.02
Hydrogenophaga 15.55 12 0.81 <0.01
Intercept 3.52 19.32 <0.01
Time —0.04 —6.27 <0.01
Site 2 —1.99 -7.70 <0.01
Site 3 -1.76 —6.81 <0.01
Time x Site 2 0.04 5.17 <0.01
Time x Site 3 0.05 5.63 <0.01
Opitutus 5.6 12 0.57 <0.01
Intercept 1.25 6.08 <0.01
Time —0.004 —0.55 0.59
Site 2 —0.43 —1.47 0.17
Site 3 —0.67 —-2.29 0.04
Time x Site 2 0.03 2.73 0.02
Time x Site 3 0.03 3.24 <0.01

mechanisms driving community assembly during early
succession. Dini-Andreote ef al. (2015) found that
stochastic processes were more influential during early
succession in a salt marsh bacterial community likely
due to random dispersal and immigration and a lack of
nutrients that would have acted as an environmental fil-
ter. Similar to our study, they found that selection was
the driving process later in time for bacterial commu-
nity assembly due to sodium accumulation. In this
study, we cannot discern specific environmental condi-
tions that are linked to the switch to selection-based
mechanisms. However, we do suggest that early succes-
sion is largely characterized by, but not necessarily

© 2016 John Wiley & Sons Ltd

exclusive to, passive dispersal and random colonization
events. As algal, bacterial and other microbial biomass
increases over time, a complex physical and chemical
gradient establishes both vertically and laterally within
biofilms (available nutrients, oxygen, redox gradients)
and niche-based selection becomes the overriding pro-
cess structuring bacterial communities. We also cannot
exclude species interactions as a contributing selective
force. Specifically, bacterial-bacterial and algal-bacterial
interactions (among others) may be a biotic selective
force particularly since algae are ‘ecosystem engineers’
in stream benthic biofilms (Besemer ef al. 2007). Algae
modify both physical structure and biofilm carbon
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Fig. 4 Nonmetric dimensional scaling (NMDS) ordination of
bacterial communities sampled across time (2D Stress = 0.13,
Panel A). Communities sampled at each time point are
denoted by a gradient of black/grey colour scheme (2-day
communities are black; 64-day communities are white). Differ-
ent shapes represent the three site samples (circles = site 1, tri-
angle = site 2, square =site 3). Bacterial community
composition significantly changed over time and site (Adj.
R?>=0.72, P < 0.01) based on NMDS axis scores (Panel B).

cycling (Battin et al. 2003, 2016), thereby potentially
influencing bacterial community structure via these
changes. Further, algal communities are important com-
ponents of stream biofilms, which can develop pre-
dictably after disturbances (Fisher et al. 1982; Pohlon
et al. 2009). Although we did not measure algal commu-
nity succession in this study, future studies should
include both bacterial and algal community measure-
ments to discern the strength of their interactions over
time.

BNTI

0 10 20 30 40 50 60
Time change comparison to
early successional stage (day 2)

Fig. 5 Phylogenetic turnover in community composition (BNTI)
compared to the earliest successional stage within each site.
BNTI differed over time (Adj. R?=0.25, P = 0.02), but not site
(P > 0.10). Different shapes represent the three site samples
(circles = site 1, triangle = site 2, square = site 3). Dashed lines
represent 2 standard deviation units.

Spatiotemporal variation in community composition

Previous work on temporal or spatial dynamics of bac-
terial communities associated with apple flowers (Shade
et al. 2013), leaf surfaces (Redford & Fierer 2009), degla-
ciated soils (Nemergut et al. 2007; Brown & Jumpponen
2014) and salt marshes (Dini-Andreote et al. 2015) has
observed both temporal and spatial effects on commu-
nity structure and assembly. The commonality across
these ecosystems is that temporal patterns tend to be
stronger than spatial patterns, suggesting that bacterial
communities develop predictably over time, but with
some degree of variability across locations (Shade et al.
2013) or spatial scales (Dini-Andreote et al. 2015). Our
data indicate that location accounted for a large portion
of variation in bacterial community composition (PER-
MANOVA results, Fig. 4), but communities displayed sim-
ilar successional trajectories
evidenced by convergence of community composition
later in time (NMDS, Fig. 4) and similar dynamics in
phylogenetic turnover across sites (ie. BNTI>2 at
approximately same successional stage, Fig. 5). Further,
relative abundance of many dominant bacterial phyla

among sites, both

and genera differed across sites and many taxa were
correlated with environmental parameters that we mea-
sured implying that some community members are as
influenced by space (or environmental differences
across space) relative to time.

© 2016 John Wiley & Sons Ltd
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The majority of OTUs and sequences represented
Bacteroidetes, Betaproteobacteria and other classes of
Proteobacteria, and Verrucomicrobia. Other studies
(Boucher et al. 2006; Besemer et al. 2007, 2012; Pohlon
et al. 2009; Battin et al. 2016) have found that Proteobac-
teria (especially Betaproteobacteria and Alphaproteobac-
teria), Bacteroidetes and Cyanobacteria dominate in
freshwater bacterial biofilms, but relatively few have
documented dominance of Verrucomicrobia members
in these biofilms (but see Boucher et al. 2006). Fierer
et al. (2013) found that Verrucomicrobia are very abun-
dant in tallgrass prairie soils but have remained under-
represented in previous studies because of sequencing
or primer biases (Bergmann ef al. 2011). Suspended
freshwater bacterial communities can be composition-
ally very similar to soil inoculum (Crump et al. 2012). If
true, it is unsurprising that the regional species pool in
tallgrass prairie streams (i.e. bacteria in the water col-
umn) is dominated by species of Verrucomicrobia as
well as Proteobacteria and Bacteroidetes that form, and
continue to dominate, freshwater biofilms during suc-
cession. However, we did not target active communities
in this study (i.e. 165 rRNA instead of rRNA genes),
suggesting that some trends in our data may be due to
deposition of inactive or dead cells. Similar to Besemer
et al. (2012), future studies addressing these questions
in aquatic environments should include sampling of
both the local (e.g. biofilm, sediments, detritus) and
regional (water column) species pools. In addition, col-
lecting data on important environmental conditions
characterizing local habitat as well as using both DNA-
and RNA-based approaches will help gain a more com-
plete understanding of large-scale processes governing
microbial community assembly spatiotemporally.

In summary, our study suggests that microbial com-
munities establish stochastically but develop predictably
over time, regaining ecosystem productivity rates and
with biofilms becoming increasingly reliant upon auto-
chthonous carbon sources. Further, biofilm-associated
bacteria converge to similar communities that are influ-
enced by stochastic processes during early succession,
but driven by selection after biofilms start to mature.
Although we examined several microbial components
over time (algal and bacterial abundance, ecosystem
process rates, bacteria assemblages), additional research
is needed to mechanistically link bacterial function and
structure throughout ecological succession.
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