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SUMMARY

The eco-evolutionary dynamics of microbial communities are predicted to affect both the tempo and trajectory of evolution in constituent species [1]. While community composition determines available niche space,
species sorting dynamically alters composition, changing over time the distribution of vacant niches to which
species adapt [2], altering evolutionary trajectories [3, 4]. Competition for the same niche can limit evolutionary potential if population size and mutation supply are reduced [5, 6] but, alternatively, could stimulate
evolutionary divergence to exploit vacant niches if character displacement results from the coevolution of
competitors [7, 8]. Under more complex ecological scenarios, species can create new niches through their
exploitation of complex resources, enabling others to adapt to occupy these newly formed niches [9, 10]. Disentangling the drivers of natural selection within such communities is extremely challenging, and it is thus
unclear how eco-evolutionary dynamics drive the evolution of constituent taxa. We tracked the metabolic
evolution of a focal species during adaptation to wheat straw as a resource both in monoculture and in polycultures wherein on-going eco-evolutionary community dynamics were either permitted or prevented. Species interactions accelerated metabolic evolution. Eco-evolutionary dynamics drove increased use of recalcitrant substrates by the focal species, whereas greater exploitation of readily digested substrate niches
created by other species evolved if on-going eco-evolutionary dynamics were prevented. Increased use of
recalcitrant substrates was associated with parallel evolution of tctE, encoding a carbon metabolism regulator. Species interactions and species sorting set, respectively, the tempo and trajectory of evolutionary
divergence among communities, selecting distinct ecological functions in otherwise equivalent ecosystems.
RESULTS AND DISCUSSION
Rapid evolution of constituent species has been observed
across a range of experimental [8–16] and natural [17–20] microbial communities, including within the human microbiome [21,
22], with implications for understanding how these communities
are structured [23] and how they function [24, 25]. Disentangling
the drivers of natural selection within such communities is
extremely challenging but is essential to enable the manipulation
of microbial communities for improved function [24–27]. Here, to
understand the contribution of eco-evolutionary community dynamics to natural selection, we track metabolic evolution by
Stenotrophomonas sp. during adaptation to wheat straw with
or without a community of five additional, naturally co-occurring
species previously isolated from compost [28]. Wheat straw is a
complex carbon source comprised of secondary plant cell-walls
composed of cellulose, hemicellulose, and lignin. This lignocellulosic biomass is difficult to digest, as the cellulose exists as

crystalline microfibrils, the hemicellulose is a complex, highly
branched and crosslinked polymer, and these polysaccharides
are sealed in lignin, a complex polyphenol [29]. Nevertheless, microbial communities efficiently degrade lignocellulose across a
range of natural environments including animal digestive tracts
and soils [30]. Replicate microcosms were serially transferred
for sixteen 7-day growth-cycles both in monoculture (MC; n =
12) and in six-species polycultures where either the eco-evolutionary dynamics were reset at each serial transfer (long-term
change in the relative abundance of taxa—i.e., species sorting—and evolution of other community members not permitted =
reset polyculture; RP; n = 6) or allowed to play out (species sorting and evolution of other community members permitted = dynamic polyculture; DP; n = 6). This equated to approximately 125
generations or 150 generations of Stenotrophomonas evolution
in monoculture and polyculture, respectively, due to slightly
higher growth rates in polycultures. Metabolic evolution by Stenotrophomonas sp. was measured as respiration by evolved
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Figure 1. Trajectories of Stenotrophomonas sp. Metabolic Phenotype Evolution
Ordination plots from a principal components
analysis (PCA) of the Stenotrophomonas sp.
metabolic phenotype over time. The first 3 principal components (PC) captured 92% of the variation in substrate use, and thus, these PCs were
plotted to visualize the evolutionary trajectories of
our treatments. Plots show (A) PC1 (54%) against
PC2 (25%) and (B) PC2 against PC3 (14%). The
variation in resource use associated with each PC
is stated on each axis. Lines show evolutionary
trajectories for the Stenotrophomonas sp. metabolic phenotype in the monoculture (MC; green),
reset polyculture (RP; red), and dynamic polyculture (DP; blue) treatments; dots show values for
each individual replicate over time (denoted by
transfer number labels on each line). Use of individual substrates over time are plotted in Figure S1. Individual replicate trajectories for the DP
treatment are plotted in Figure S2. The raw data is
provided in Data S1.

populations on seven components of lignocellulose [28],
including both harder-to-digest recalcitrant substrates
(b-glucan, cellulose, lignin) and easier-to-digest labile substrates
that are protected from saccharification by the structure of lignocellulose prior to its digestion (xylan, arabinoxylan, galactomannan, pectin) [29].
Resource use by Stenotrophomonas sp. significantly diverged
between treatments over time (Figure S1; linear mixed model,
treatment 3 substrate 3 time interaction, F12,777 = 7.8661, p <
2.2 3 10 16). We used phenotypic trajectory analysis [31] to
calculate three properties—length, direction, and shape—of
the evolutionary paths taken within this 7-dimensional metabolic
phenotype space by our treatments. Evolutionary paths varied
significantly between treatments (Figure 1; permutational manova, treatment 3 time interaction, F = 8.97, p < 0.001). Interspecies interactions accelerated Stenotrophomonas sp. metabolic
phenotype evolution, as indicated by a shorter evolutionary
path in the MC treatment compared to both polyculture treatments (pairwise absolute differences in path distance, RP:MC
Z = 7.04, p = 0.001, DP:MC Z = 8.22, p = 0.001), which themselves evolved similar distances (RP:DP Z = 0.27, p = 0.514).
The RP treatment took an evolutionary trajectory whose direction was distinct from either the MC or DP treatments (pairwise
differences in path angle, RP:DP Z = 2.028, p = 0.039; RP:MC
Z = 1.88, p = 0.034). While the evolutionary trajectory of the DP
treatment changed direction more over time than either the
MC or RP treatment trajectories (pairwise differences in path
shape, DP:MC Z = 2.80, p = 0.005; RP:DP Z = 3.58, p = 0.001;
RP:MC Z = 1.03, p = 0.149). This is most clearly shown by the
change in direction of the DP trajectory from traversing PC1 to
traversing PC2 at around transfer 12 (Figure 1A). Overall,
whereas the RP treatment evolved to increase use of labile substrates (Figure 1, along PC1: xylan, arabinoxylan, and pectin), the
DP treatment evolved to increase use of recalcitrant substrates
(Figure 1, along PC2: b-glucan, cellulose, and lignin).
Specialization on labile substrates would allow greater exploitation of the lignocellulose digestion of competing species. Consistent with this, while being in a community always increased the
growth of Stenotrophomonas sp. relative to its growth alone,

only the RP-evolved Stenotrophomonas sp. populations
increased their competitiveness relative to the ancestor against
the ancestral polyculture community on wheat straw (Figure 2;
two-way anova, treatment 3 growth-condition interaction,
F3,40 = 12.47, p < 0.0001; pairwise comparison of RP versus
ancestor growth in polyculture, p < 0.001). Moreover, in competition against the ancestral polyculture community, the RP-evolved
Stenotrophomonas sp. reached a higher final relative abundance
than its ancestor or the evolved Stenotrophomonas sp. from the
DP or MC treatments (one-way anova, F3,20 = 22.05 p < 0.0001;
pairwise Tukey tests against RP, all p < 0.001). This suggests
that the on-going eco-evolutionary dynamics of communities
limited the evolution of exploitative metabolic strategies by the
focal species. Notably, none of the evolved Stenotrophomonas
sp. populations showed faster growth on wheat straw alone than
their ancestor (pairwise comparisons of MC, DP, and RP growth
rates versus the ancestor all p > 0.05). This suggests that our
growth assay may not have been sufficiently sensitive to detect differences in autonomous growth rate. It is probable that direct
competition of evolved populations against their ancestor would
have been more discriminating as this is the gold standard method
for estimating relative fitness. However, we lacked an isogenic
labeled strain of this Stenotrophomonas sp. environmental isolate,
precluding the use of this superior method.
Differences in composition among replicate DP communities
emerged over time through species sorting (Figure 3). We
observed strengthening covariance of Stenotrophomonas sp.
evolved metabolism with community structure over time (community dissimilarity 3 time interaction; F1,87 = 6.4, p < 0.05), suggesting that changes in composition selected for different evolved
metabolic functions among communities. Higher recalcitrant substrate use by Stenotrophomonas sp. was associated with communities that had higher final relative abundance of Bacillus sp.
(linear regression, cellulose R2 = 0.8625, F1,4 = 19.06, p = 0.012;
lignin R2 = 0.8625, F1,4 = 19.53, p = 0.0115). Moreover, the reinvasion of three of the replicate DP communities by Bacillus sp. from
low density (Figure 3) coincided with the change in direction of the
evolutionary path of Stenotrophomonas sp. toward recalcitrant
substrates (from PC2 to PC1: Figures 1 and S2). We previously
Current Biology 30, 4984–4988, December 21, 2020 4985

ll

OPEN ACCESS

Figure 2. Growth Rates of Ancestral and Evolved Stenotrophomonas sp.
Growth on wheat straw when cultured alone or alongside the ancestral polyculture. Dots indicate mean growth rate ± standard error for each of the
evolution treatments (monoculture [MC; green triangles], reset polyculture [RP;
red squares], dynamic polyculture [DP; blue circles]) and the ancestor (purple
triangles) and lines connect values measured while grown alone versus
alongside the ancestral polyculture. The raw data is provided in Data S1.

showed that this Bacillus sp. strain is a labile substrate specialist
[28], suggesting it would have competed strongly for labile substrates, potentially driving the observed niche differentiation by
Stenotrophomonas sp. toward recalcitrant substrate use.
To examine the genetic basis of Stenotrophomonas sp. metabolic evolution, we genome sequenced one randomly chosen
clone per replicate population. Evolved clones had acquired between 0 and 4 mutations per clone, with 33 mutations in total, of
which 66.6% were non-synonymous. While treatments did not
vary in the number of mutations per clone (all mutations: Welch’s
anova, F2,10.97 = 0.03154, p = 0.9690; non-synonymous mutations: Welch’s anova, F2,12.3 = 0.8878, p = 0.4363), the genetic
loci affected by non-synonymous mutations varied among
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treatments (Figure 4; permutational anova, F5,570 = 6.304, p =
0.0002). Specifically, the DP and MC treatments became significantly genetically differentiated from the RP treatment (RP:MC
t = 3.058 p = 0.002; RP:DP t = 2.216 p = 0.027), but not from
one another (MC:DP t = 1.448 p = 0.148). This pattern was principally driven by parallel mutation of tctE, which was mutated in
multiple replicates of the DP (3/6 clones) and MC (4/12 clones)
treatments, but in only one replicate of the RP treatment (Figure 4;
Figure S3). TctD/TctE form a two-component signaling system
that positively regulates tricarboxylic acid uptake in a range of
species [32–35]. Furthermore, deletion of tctD/tctE has been
shown to cause dysregulation of other signaling systems and
altered expression of metabolic genes, leading to substantial
alteration of carbon metabolism in P. aeruginosa [35]. It is probable, therefore, that tctE mutations played a role in the evolution
of altered substrate use by Stenotrophomonas sp. The higher frequency of tctE mutations in DP-evolved compared to RP-evolved
clones suggests that these mutations could be linked to the
observed increase in the use of recalcitrant substrates by DPevolved Stenotrophomonas populations (Figure 1, Figure S1).
However, caution is required in making such inferences, in part
because the single clones sequenced per population are unlikely
to represent all of the genetic diversity present in the population
samples used in the resource use assays.
Rapid evolutionary dynamics of constituent taxa are a feature
of both experimental [8–16] and natural [17–22] microbial communities and are likely to affect the structure [23] and function
of microbiomes [24, 25]. Unlike previous studies of evolution in
multispecies bacterial communities [8–11, 13–15], by resetting
community dynamics, we disentangled the effects of interspecies interactions from their eco-evolutionary dynamics upon
the evolution of focal species’ metabolism. Our data show that
the evolutionary paths taken by constituent taxa depend upon
the eco-evolutionary dynamics of communities. Species interactions and species sorting set, respectively, the tempo and trajectory of evolutionary divergence for focal taxa among
Figure 3. Relative Abundance of Species in
Dynamic Polyculture Communities
Stacked bars show the relative abundance of
species over time in the replicate communities
(DP1 to DP6) from the dynamic polyculture treatment. The identity of species is indicated by colors
as shown in the graphical key. The raw data is
provided in Data S1.
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Figure 4. Parallel Genomic Evolution within
and between Treatments
Circles represent the Stenotrophomonas sp.
Genome; each concentric circle is an independent
evolved clone sampled at the end of the experiment. Colors denote the monoculture (MC; green),
reset polyculture (RP; red), and dynamic polyculture (DP; blue) treatments. Markers indicate
genetic loci where mutations were observed in
evolved clones and labels show the predicted
functional annotation for these loci where available. The shape of the marker denotes the type of
mutation observed: filled circle, non-synonymous
SNP; open circle, synonymous SNP; triangle,
insertion or deletion; square, intergenic SNP.
Markers for parallel evolving loci are connected by
a gray line. Figure S3 shows the pairwise genetic
similarity among all sequenced clones. A complete
table of sequence variants is provided in Data S2.

communities. Selection arising from the eco-evolutionary dynamics of communities can override habitat-specific adaptation
[18] to select for distinct ecological functions in otherwise equivalent ecosystems. Moreover, by constraining the evolution of
exploitative strategies, the eco-evolutionary dynamics of microbial communities may help to explain the stability of ecological
functions that, like lignocellulose metabolism, require the collective action of multiple species in microbiomes [24, 25].
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Data availability
All experimental data is provided in the supplemental data file Data S1. Genomic data is available at the European Nucleotide Archive,
accession PRJEB36888, and in the supplemental data file Data S2.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Bacterial strains and culture conditions
All isolates used in this experiment were previously isolated from wheat straw compost enrichment cultures [28]. Six isolates were
used in this study: Stenotrophomonas sp. D12, Bacillus sp. D26, Paenibacillus sp. A8, Microbacterium sp. D148, Cellulomonas
sp. D13, Rhodococcus sp. E31. Overnight cultures of isolates were grown in nutrient broth at 30 C shaken orbitally at 150 rpm for
24 h. Wheat straw microcosms comprised 6 mL M9 solution supplemented with 60 mg wheat straw as the sole carbon source. Wheat
straw microcosm cultures were incubated at 30 C shaken orbitally 150 rpm for 6 days.
METHOD DETAILS
Selection experiment
All isolates used in this experiment were previously isolated from wheat straw compost enrichment cultures [28]. Stenotrophomonas
sp. D12 was used as the focal species; this isolate was naturally highly resistant to kanamycin. Five additional strains from the Bacillus, Paenibacillus, Microbacterium, Cellulomonas and Rhodococcus genera were chosen that exhibited varying metabolic traits
and sensitivity to kanamycin allowing us to recover the focal species from polyculture by selective plating on media supplemented
with kanamycin. We established 3 treatments: monocultures (MC) where the focal species evolved alone, reset polycultures (RP)
where the focal species evolved in a community that was held constant over time, and dynamic polycultures (DP) where the focal
species evolved in a community wherein all species could make ecological and evolutionary responses to selection. To establish
the experimental lines, we picked twelve independent colonies of Stenotrophomonas that had been previously streaked onto a
nutrient agar plate. These were named clones A-L.
All isolates were grown overnight in nutrient broth at 30 C, 150 rpm then diluted to approximately 106 cells/mL. These cultures were
used to inoculate wheat straw microcosms, comprising 6 mL M9 solution with 60 mg wheat straw. A schematic diagram of the growth
cycles used in each treatment is provided in Figure S4. Monocultures (MC) were inoculated with 60 mL of the focal species and polycultures were inoculated with 10 mL of each species. Using the independent clones, A-L, twelve replicate MC populations and twelve
replicate polyculture communities were established to yield 24 wheat straw microcosms which were incubated at 30 C, 150 rpm for
6 days. Half of the polyculture replicates were propagated as dynamic polycultures (wherein species sorting was permitted; DP;
clones A-F) whereas the other half of the replicates were propagated as reset polycultures (wherein species sorting was not
permitted; RP; clones G-L), as follows: At each serial transfer, cultures were diluted to 1:100,000 in M9 solution and 100 ml was spread
onto nutrient agar plates (DP and MC treatments) or nutrient agar plates containing 50 mg/mL kanamycin (RP treatment) to isolate only
the Stenotrophomonas sp. D12 population, giving approximately 400-800 colonies per plate. Plates were incubated overnight at
30 C then 1 mL M9 solution was added to each plate and the colonies were disrupted using a spreader. 100 mL of this cell suspension
was transferred to a microplate and cells were pelleted by centrifugation, then washed and suspended in M9 solution. For the DP and
MC treatments, wheat straw microcosms were inoculated with 60 ml of these cell suspensions. For the RP treatment, wheat straw
microcosms were inoculated with 10 ml of the cell suspension and 10 ml of each additional species grown overnight in nutrient broth
from ancestral glycerol stocks and diluted to 106 cells/mL. The experiment was run for 16 growth cycles. Samples of the Stenotrophomonas sp. evolving population from each replicate were stored as cryogenic glycerol stocks at 80 C after every fourth growth
cycle. Note that we did not perform additional controls for the effect of kanamycin selection and cannot rule out that kanamycin resistance frequency may have declined in treatments that were not regularly plated onto kanamycin plates.
Resource use assays
To quantify the metabolic traits of the ancestral and evolved Stenotrophomonas sp. D12 populations, growth assays were performed
on several polysaccharides present in lignocellulose as previously described [28]. Hemicellulose substrates included xylan (SigmaAldrich), arabinoxylan (P-WAXYL, Megazyme) and galactomannan (P-GALML, Megazyme); cellulose substrates included b-glucan
(P-BGBL, Megazyme) and Whatman filter paper; additional substrates included pectin (Sigma-Aldrich) and Kraft lignin (Sigma-Aldrich). Ancestral Stenotrophomonas sp. D12 was grown from glycerol stocks overnight in nutrient broth at 30 C, 150 rpm. Cultures
were harvested by centrifugation, washed and suspended in M9 solution and left at room temperature for 2 h to metabolise any remaining nutrients. Evolved Stenotrophomonas sp. D12 populations from transfers 4, 8, 12 and 16 were isolated by diluting communities to 10 5 and plating 100 mL onto nutrient agar plates with 50 mg/mL kanamycin. Plates were incubated at 30 C for 24 h then 1 mL
M9 media was added to plates and colonies were disrupted with a spreader. 100 mL of culture was added to 900 mL M9 minimal media
and cells were harvested by centrifugation, washed and suspended in 1ml M9 minimal media then left for 2 h at room temperature to
metabolise remaining nutrients. All cultures were standardized to an OD600 of 0.1 and 5 mL of culture was used to inoculate 495 ml of
M9 solution with 0.2% (w/v) of each carbon source or one 6mm sterile filter paper disc in 96-well deepwell plates. Each plate
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contained an uninoculated blank well containing only 500 ml of M9 solution against which optical density measurements of the active
wells were normalized. Cultures were grown for 5 days at 30 C and the MicroResp system was used to measure culture respiration as
previously described [47].
Autonomous and competitive growth assays
To measure the autonomous growth of ancestral and end-point evolved Stenotrophomonas sp. D12 populations on wheat straw we
inoculated wheat straw microcosms with 10 mL of an overnight culture. Each population was grown for 6 days at 30 C, 150 rpm. Starting and final population densities of samples were quantified by plating a serial dilution onto nutrient agar after 0 and 6 days of incubation. To measure competitive growth of ancestral and end-point evolved Stenotrophomonas sp. D12 populations on wheat
straw in the presence of the ancestral community we inoculated wheat straw microcosms with 10 mL of the community of additional
species (106 cf.u/mL) grown from ancestral glycerol stocks and 10 mL of each evolved focal species population or the ancestral genotype. Cultures were grown for 6 days at 30 C, 150rpm. Starting and final population densities of samples were quantified by plating
a serial dilution onto nutrient agar supplemented with 50 mg/mL kanamycin after 0 and 6 days of incubation. Autonomous and
competitive growth rates were calculated as the Malthusian parameter.
Genome sequencing
We first obtained the complete closed genome sequence of the Stenotrophomonas sp. D12 ancestral strain. A single colony of the
ancestral Stenotrophomonas sp. D12 was resuspended in nutrient broth and grown overnight at 30 C, 150 rpm. Cells were harvested, and genomic DNA was extracted using QIAGEN Genomic Tips 20G (QIAGEN, Germany). Long-read sequencing using
the PacBio Sequel System (Pacific Biosciences; performed by NERC Biomolecular Analysis Facility at the University of Sheffield),
produced 377,905 reads with an average length of 5,597 bp. Additional short read sequencing was performed using the Illumina
MiSeq platform by MicrobesNG (University of Birmingham, www.microbesng.com), produced 337,653 2x250 paired-end reads
with a median insert size of 529 bp representing 59x genome coverage. To identify mutational changes in evolved clones, a single
clone of Stenotrophomonas sp. D12 from each of the 24 evolved populations was sequenced using the Illumina Miseq platform by
MicrobesNG (University of Birmingham, www.microbesng.com).
Amplicon sequencing
To determine the relative abundance of each species in each of the DP communities over time, we isolated total genomic DNA at
every fourth transfer using the QIAGEN DNeasy Blood and Tissue kit following the manufacturer’s protocol for Gram-positive bacteria. 16S-EZ amplicon sequencing of the V3 and V4 hypervariable regions of the 16S rRNA gene was performed by Genewiz (New
Jersey, USA). Briefly, the V3/V4 regions were amplified by PCR and sequenced using the Illumina platform with 2x250 bp paired-end
reads.
QUANTIFICATION AND STATISTICAL ANALYSIS
Statistical analysis
All statistical analyses were performed using R (version 3.5.1) or PRISM (version 8.1.2.). Change in resource use was compared between treatments using a repeated-measures linear mixed effects model (nlme R package). Evolutionary paths among all treatments
through time were determined and analyzed by Phenotypic Trajectory Analysis (PTA [31]). PTA is initiated with a model evaluating
whether the effect of time on the multivariate substrate use response variable varies by treatment. The model is fit by the ‘‘Randomization of Residuals in a Permutation Procedure’’ which is used to construct ANOVA tables that are functionally similar to a non-parametric likelihood ratio test. Following fitting this model (essentially a MANOVA), the trajectory analysis constructs distance and vector
based pairwise comparisons of trajectories in the full multivariate space, resulting in inference about path length, shape and direction
of evolutionary change, through time, for each treatment (function ‘trajectory.analysis’ from the geomorph R package). Visualizing the
trajectories (centroids, path lengths, path direction) is made possible by estimating principal components of the fitted values from the
model and projecting the data onto them [31]. Divergence of metabolic phenotype and community structure was calculated using
Bray-Curtis dissimilarity, and their relationship was analyzed using linear regression. Numbers of mutations between treatments
were compared using Welch’s anova. The similarity in mutational profiles between all possible pairs of sequenced clones was calculated using the Jaccard Index (Jaccard Index = number of loci targeted in common / total number of loci targeted [48];), to create a
similarity matrix (Figure S3). The degree of parallel evolution between and within treatments was then analyzed as the effect of treatment comparison on the Jaccard index (i.e., whether pair of clones from same or different named treatments), using a permutational
ANOVA (10,000 permutations).
Genome sequencing bioinformatics
PacBio reads were assembled de novo using Canu with default settings [37]. Following correction and trimming, 334,634 reads with
an average length of 5,148 bp representing 370x genome coverage were assembled into two contigs. These contigs were combined
using Circlator with default settings [38], then polished with Illumina Miseq reads using Pilon [39]. The resulting genome, which
totalled 4,659,921bp, was then annotated using Prokka [40], with additional functional annotation using the KEGG automated annotation server (KAAS) [41] and InterPro [42].
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To identify mutational changes in evolved clones, paired reads were aligned to the annotated ancestral genome sequence using
Burrows-Wheeler Aligner in SAMtools [43] and duplicate reads were removed using the MarkDuplicates function from picard (https://
broadinstitute.github.io/picard/). Variants were called using GATK Haplotype Caller [44] and annotated using SNPeff [45]. Called variants were then filtered in R (version 3.5.1) to remove low quality calls with either low coverage (< 10 reads per bp) or low frequency of
the alternative allele (< 80% of reads with alternative). Variant calling was also performed on the ancestral short-read Illumina data
which was used to polish the PacBio reference genome in order to identify any variants which were present in the ancestor and
missed by the polishing step; subsequently, any variants present in the ancestral and evolved sequences were discounted from
further analysis. All variants were validated visually using the alignment viewer igv [46].
Amplicon sequencing bioinformatics
Raw reads were optimized by assembling read pairs and removing undetermined bases and primer and adaptor sequences.
Chimeric sequences were removed. Qiime (version 1.9.1) [36] was used to assemble reads into operational taxonomic unit (OTU)
clusters (similarity = 97%), which were identified and the relative abundance of each OTU was calculated. OTUs were annotated using the Greengenes comparison database in Qiime. Annotated OTUs matched the six expected genera, unclassified OTUs were
removed from further analysis.
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