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ABSTRACT Switchgrass (Panicum virgatum) is a model perennial grass for bioenergy
production that can be productive in agricultural lands that are not suitable for food
production. There is growing interest in whether its associated microbiome may be
adaptive in low- or no-input cultivation systems. However, the relative impact of
plant genotype and soil factors on plant microbiome and biomass are a challenge to
decouple. To address this, a common garden greenhouse experiment was carried
out using six common switchgrass genotypes, which were each grown in four differ-
ent marginal soils collected from long-term bioenergy research sites in Michigan and
Wisconsin. We characterized the fungal and bacterial root communities with high-
throughput amplicon sequencing of the ITS and 16S rDNA markers, and collected
phenological plant traits during plant growth, as well as soil chemical traits. At har-
vest, we measured the total plant aerial dry biomass. Significant differences in rich-
ness and Shannon diversity across soils but not between plant genotypes were
found. Generalized linear models showed an interaction between soil and genotype
for fungal richness but not for bacterial richness. Community structure was also
strongly shaped by soil origin and soil origin � plant genotype interactions. Overall,
plant genotype effects were significant but low. Random Forest models indicate that
important factors impacting switchgrass biomass included NO3

2, Ca21, PO4
32, and

microbial biodiversity. We identified 54 fungal and 52 bacterial predictors of plant
aerial biomass, which included several operational taxonomic units belonging to
Glomeraceae and Rhizobiaceae, fungal and bacterial lineages that are involved in
provisioning nutrients to plants.

IMPORTANCE Greenhouse gas reduction, carbon sequestration, and environmental
remediation are top research themes within the U.S. Department of Energy
funded bioenergy research centers. The utilization of unproductive agricultural
land for bioenergy crop production is one of the most promising directions to
achieve these goals. Switchgrass is a model biofuel system: it is adapted to a
wide variety of geographical regions in North America, it is protective of soil and
water resources, and it can be productive in low-fertility soils, but its profitability
depends greatly on the biomass yield. Beneficial microbes have known roles in
modulating plant biomass production but their interaction with soil geography,
and switchgrass cultivars were not thoroughly studied. This study aims to fill im-
portant knowledge gaps and to serve as a foundation for switchgrass biomass
promotion through microbe selection with an ultimate goal of facilitating sus-
tainable bioenergy crop production.
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plant biomass

Editor B. Gillian Turgeon, Cornell University

Copyright © 2022 Beschoren da Costa et al.
This is an open-access article distributed under
the terms of the Creative Commons
Attribution 4.0 International license.

Address correspondence to Gian Maria Niccolò
Benucci, benucci@msu.edu.

The authors declare no conflict of interest.

Received 11 January 2022
Accepted 28 February 2022
Published 6 April 2022

[This article was published on 6 April 2022 before
all author changes were incorporated. The text
has been updated in the current version, posted
on 8 April 2022.]

March/April 2022 Volume 13 Issue 2 10.1128/mbio.00079-22 1

RESEARCH ARTICLE

https://orcid.org/0000-0003-1533-9296
https://orcid.org/0000-0003-1589-947X
https://orcid.org/0000-0001-8210-2577
https://orcid.org/0000-0003-2137-2092
https://orcid.org/0000-0002-7262-8978
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1128/mbio.00079-22
https://crossmark.crossref.org/dialog/?doi=10.1128/mbio.00079-22&domain=pdf&date_stamp=2022-4-6


Plants have evolved intimate associations with diverse microbial communities
through processes of selection, drift, speciation, and dispersal (1). Host-microbe

associations influence host plants’ yield and fitness, for example, by improving nu-
trient uptake, by mitigating disease and abiotic stress, and by regulating growth
and development (2, 3). Fungi, bacteria, archaea, and other microorganisms that
live on and within plant tissues can therefore be considered an extension of the
plant phenotype, since their collective metabolism may aid the plant host in
responding to environmental stressors (4–7). Consequently, characterizing plant-
associated microbiomes and determining how they vary across plants and tissues
is essential foundational research for leveraging host-microbe interactions for plant
resilience, and to improve agricultural sustainability.

Plant microbiomes are known to vary between environments and soil types (8, 9),
between plant species (10, 11), between different genotypes (12–14), and between
compartments or individual plant tissues (2, 15, 16). Roots are specialized plant tissues
that physically anchor plants to soils and also absorb water and nutrients from the soil,
a function that is facilitated through their associated microbiome (7). Plant roots are
known to secrete metabolites into soils, stimulating microbial activity and recruitment
to the soil-root interface known as the rhizosphere (4, 17). Particular microbes are
adapted to plants and develop closer association, colonizing the rhizoplane (root sur-
face) as epiphytes, or by overcoming plant immunity to grow between and/or within
the plant’s cells as endophytes (18). To fully exploit synergistic host-microbial interac-
tions, it will be necessary to integrate breeding programs and cultivated genotypes
with microbiome characterizations and applications.

It may not be surprising that the microbiome composition and structure of different
plant genotypes varies. There is substantial genetic variation in plant immune response
systems and other ecologically relevant phenotypic traits (13, 14). However, the magni-
tude of intraspecies host genetic control over its root microbiome has been reported
to be relatively small and, for many plant species, is still largely unknown (9, 19).
Further, significant genotype-environment interactions often limit the ability to esti-
mate effects of genotype on plant microbiomes.

Switchgrass (Panicum virgatum L.) is a perennial grass native to the United States
and is promising as a bioenergy crop due to its ability to produce high biomass, even
in poor soils that are unsuitable for food crops (20). Other favorable traits of switch-
grass as a biofuel crop are its wide geographic distribution, low susceptibility to patho-
gens, and high tissue quality for fuel conversion. Further, the cultivation of switchgrass
can provide additional ecosystem services such as increasing soil biodiversity, water
quality and carbon storage (21). Switchgrass genotypes fall into two major ecotypes:
upland and lowland. Upland (e.g., Cave-in-Rock and Blackwell) ecotypes are adapted
to mesic regions. They grow shorter and have higher tiller production than lowland
ecotypes, and their nuclear condition is octoploid. In contrast, lowland ecotypes (e.g.,
Alamo and Kanlow) are adapted to hydric zones, grow taller with fewer tillers, are tetra-
ploid, and are hypothesized to have descended from glacial refugia (20, 22). While sci-
entific studies on switchgrass microbiome are increasing, the effect of switchgrass’s
extensive genotypic and phenotypic variation on the rhizobiome (i.e., the microbial
communities associated with the roots) are not well understood.

To address this knowledge gap, a common garden greenhouse experiment was car-
ried out using six of the most common switchgrass cultivars, including both lowland
and upland ecotypes, and switchgrass field soils from four geographical locations
established by the Great Lake Bioenergy Research Center (GLBRC). Specifically, this
research addresses the hypotheses that both plant genotype and soil origin will impact
the rhizobiome community and plant biomass. We also hypothesize that particular soil
characteristics and microbial taxa will be associated with higher plant biomass. In
doing so, we assess how plant and soil factors interact to impact the assembly of root-
associated fungi and bacteria in the switchgrass rhizobiome, and we determine how
nonrandom plant-soil-microbe interactions impact switchgrass biomass. Microbial
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isolates from the switchgrass rhizobiome generated through this research will be avail-
able for future mechanistic validation on microbiome impacts on switchgrass biomass.

RESULTS
Sequencing results and overall community composition. After bioinformatic

analyses we obtained totals of 9,311,595 and 5,454,896 quality-filtered paired-end
Illumina MiSeq ITS1 and 16S reads from 190 root and 40 soil DNA samples, respectively.
These clustered into 2,782 fungal and 8,918 bacterial operational taxonomic units
(OTUs) for the root samples and 4,798 fungal and 10,828 bacterial OTUs for the soil
samples. Root samples had an average of 48,300.2 6 18,083.9 SD (standard deviation)
sequence reads for the fungi and 28,710.06 12,595.9 SD sequence reads for the bacte-
ria. Soil samples had an average depth of 84,375.5 6 18,083.9 SD for the fungi and
162,847.56 48,527.3 SD for the bacteria.

A total of 105 (1.29%) and 117 (0.56%) contaminant OTUs were removed from
the ITS and 16S data sets, respectively (see Fig. S1 in the supplemental material).
Sequences from the mock communities matched the number of taxa present in the
mocks quite precisely. We recovered 14 OTUs of the 12 taxa present in the syn-
thetic ITS mock community (with two OTUs for mock groups 1 and 10), and 7 OTUs
instead of 8 present in the 16S mock community (Staphylococcus aureus the only
missing taxa).

Alpha diversity. Fungal and bacterial OTU richness and Shannon index values of
switchgrass roots differed significantly between soils but not between genotypes
(Fig. 1; see also Fig. S2). In particular, regardless of plant genotype, a higher number of
OTUs and more diverse microbiomes were found in switchgrass roots grown in
Hancock soil compared to Lux Arbor and Rhineland (Tukey’s HSD, P # 0.05), both for
fungi (Fig. 1A and B) and bacteria (Fig. 1C and D). After accounting for differences in
sequencing depth, general linear models (most parsimonious models included in this
study) revealed that variations in OTU richness and Shannon index were statistically
significantly explained by the experimental treatments (soil origin and plant genotype)
(Fig. 1 and Table 1; see also Table S1 in the supplemental material). In addition to sig-
nificant main effects, a significant genotype � soil interaction was found for fungal
richness (Table 1; see also Table S1). In addition, soils from the pots with no-plants sup-
ported a higher diversity of fungi and bacteria compared to roots, and OTU richness
was higher in Hancock and Lake City compared to Lux Arbor and Rhineland for bacte-
rial communities but not in the fungal communities (see Fig. S3).

Beta diversity. The switchgrass rhizobiome was structured primarily by soil origin
and secondarily by plant genotype (Fig. 2A and B). Fitted vectors of the soil chemical
parameters (i.e., pH, OM, Ca21, Mg21, K1, PO4

32, NO3
2) correlated with specific soil ori-

gin in both fungal and bacterial microbiomes. For example, K1 and NO3
2 were higher

in Lux Arbor soil, while Mg21 was higher in Hancock soils. Permutational multivariate
analysis of variance (PERMANOVA; P# 0.05) showed that about 8 and 13% of the varia-
tion for fungi (Fig. 2A) and prokaryotes (Fig. 2B) were significantly explained by differ-
ences in sequencing depth. However, soil origin was the main driver of community
structure with about 44 and 32% of variation in community structures of fungi and
bacteria, respectively, followed by genotype, which accounted for about 3% for both
fungal and bacterial microbiome. Significant differences in dispersions (i.e., distance
from sample centroids) were detected across soils but not genotype, with Hancock
and Lake City showing higher dispersion compared to others (see Table S2A). This
result demonstrates that underlying sample dispersion may contribute to significant
differences in community structure between different plant genotypes within the
same soil. When we separated samples from soils with average lower dispersions (i.e.,
Rhineland and Lux Arbor) from those with average higher dispersions (i.e., Hancock
and Lake City), the effect of genotype (PERMANOVA, P # 0.05) on root microbiome
was significant only in the soils with higher dispersion but not in those with lower (see
Table S2B).
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Predictors and potential drivers of plant biomass. Random Forest (RF) models
were able to identify and rank the main environmental factors, microbiome diversity
and structure properties, as well as specific OTUs that influence plant biomass for each
of the soils (Fig. 3). Aboveground plant biomass was highest for plants grown in
Hancock soil and lowest in Lux Arbor, with Rhineland and Lake City in the middle
range. Models explained approximately 42 and 41% of the variation and were signifi-
cant (P = 0.001 after 9,999 permutations), respectively, for fungi (Fig. 3A) and bacteria
(Fig. 3D). Soil chemical properties, such NO3

2, Ca21, and PO4
32 were the most impor-

tant model features for fungi (Fig. 3B) and bacteria (Fig. 3E), followed by community
structure properties (e.g., PCoA.1 and PCoA.2 axes), treatments (ecotype, genotype,
and soil), and finally alpha-diversity metrics (OTU richness and Shannon index). The im-
portance of sequencing depth (the number of reads/library) in the models was very
low for both fungi and bacteria. In addition, principle components analysis (PCA) ordi-
nations (Fig. 3C and F) showed that some predictors were correlated. Therefore, the im-
portance of individual predictors is difficult to assess. For example, higher plant bio-
mass is correlated with higher fungal OTU richness, Shannon index, and community
structure (PCoA.1), as well as to soil pH and Mg21 content in Hancock soil. Similarly,
Ca21, NO3

2, and K1 are correlated, i.e., higher in Lux Arbor soil samples, and their direc-
tion is opposite that of the aboveground plant biomass.

Random Forest models allowed us to select 54 (Fig. 4A; see also Fig. S4A) and 52
(Fig. 5A; see also Fig. S4B) top OTU predictors of plant biomass among 2,782 fungal

FIG 1 Alpha-diversity measures of microbial communities associated with switchgrass roots across soils and
genotypes. Boxplots show the distribution of OTU richness (log transformed) and Shannon index soil across
different plant genotypes for fungi (A and B) and bacteria (C and D). Lowland ecotypes are highlighted in
boldface; upland ecotypes are unbolded. Values indicate the deviance residuals of log(richness) and the
Shannon index generalized linear models after accounting for differential sequencing success: model = log
(richness) ; readNo. Letters mark statistically significant differences evaluated with Tukey’s HSD after significant
ANOVA (P # 0.05). Boxplot outliers are reported as grey-colored open circles.
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and 8,918 bacterial OTUs to explain 39 and 45% of the variation in plant biomass.
Arbuscular mycorrhizal fungi (AMF) were prevalent among these. Principal component
analysis showed a correlation among OTUs belonging to the same lineage with a cer-
tain degree of specificity for certain soils (Fig. 4B and Fig. 5B). For example, Glomus and
Septoglomus OTUs accounted for about 30% of all the 54 OTUs selected by RF, but the
AMF taxa Septoglomus viscosum (OTU 266), Glomus sp. (OTU_230), and a Glomeraceae
OTU (OTU_725) had longer vectors (i.e., greater importance) in the PCA plot (Fig. 4B)
and were correlated with Hancock soils. In contrast, OTUs in the Rhizophagus genus
pointed toward Lux Arbor and Rhineland and accounted for ;7% of the 54 RF predic-
tors. Other predictors of plant biomass were Serendipita and some less-well-character-
ized endophytes, including Cercophora, Periconia, and others associated with plant
pathogenicity such as Fusarium, Setophoma, and Zoopfiella (Fig. 4C).

Nearly 48% of the bacterial OTUs predictive of plant biomass belonged to the
class Proteobacteria. Alphaproteobacteria (29%) and Gammaproteobacteria (18%) gen-
erally had longer vectors in the bacterial PCA plot (Fig. 5B) compared to other taxa.
Alphaproteobac-teria were present in nearly every soil, while Gammaproteobacteria
were more concentrated in Hancock soil. Interestingly, two predictors of plant bio-
mass belonged to the uncultured “Candidatus Moeniplasma Glomeromicotorum,” a
mycoplasma-related endobacterium associated with arbuscular mycorrhizal fungi.
Rhizobiales OTUs were the most common among the bacterial predictors of plant
biomass (see Table S3A).

Among all the microbial predictors of plant biomass identified by random forest mod-
els, neutral models indicate that most were nonrandomly recruited (see Table S3A). It is
worth nothing that about 73.3% of all Glomeraceae OTUs, which were predominant
among the fungal RF predictors, were above the model prediction (i.e., they were
selected by the host), 17.4% were as predicted (i.e., neutral), and 4.4% were below (i.e.,
dispersally limited) the prediction in the fitted neutral model (see Table S3A). In addition,
a number of these identified predictors of plant biomass matched our collection of cul-
ture isolates (visualized as darker bars on Fig. 4 and 5C; see also Table S3A). Significant
positive and negative associations between the important microbial predictors and
switchgrass biomass were assessed through linear regression (see Table S3B). For the 54
fungal predictors, six significantly positive-regressed and five negative-regressed with
biomass (see “1” or “–” in Fig. 4C). Among the 52 bacterial predictors, six significantly
positive regressed and four negative regressed with biomass (see “1” or “–” in Fig. 5C).
The selected predictive OTUs identified by RF models were also examined to determine
whether they were skewed toward the roots of any particular soil. The results indicated
that predictive fungal and bacterial OTUs were indicator taxa across different soils and
not skewed toward any specific soil.

TABLE 1 Effect of genotype and soil origin on log(richness) and Shannon diversity index of fungal and bacterial OTUs, explained by glm
models (generalized linear models)a

Parameter

Log(richness) Shannon index

Sum Sq Df F value P value Sum Sq Df F value P value
Fungi
Read no. 0.006 1 2.758 0.099 0.968 1 46.017 ,0.001
Genotype 0.023 5 2.266 0.050 0.059 5 0.558 0.732
Soil 0.181 3 29.339 ,0.001 1.363 3 21.597 ,0.001
Soil: genotype 0.081 15 2.613 0.002
Residuals 0.327 159 3.660 174

Bacteria
Read no. 0.067 1 97.346 ,0.001 0.014 1 2.622 0.107
Genotype 0.004 5 1.254 0.286 0.037 5 1.430 0.216
Soil 0.152 3 72.994 ,0.001 0.385 3 24.702 ,0.001
Residuals 0.121 174 0.904 174

aOnly the most parsimonious models, selected through backward selection, are reported. “Read no.” refers to the number of total sequence reads obtained for each sample.
Significant P values (P# 0.05) are highlighted in boldface.
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Correlating the rhizobiome with plant phenotypic and soil chemical properties.
Correlations between microbial communities, switchgrass phenotypic traits and soil
chemistry were all significantly (P # 0.001) indicative of a three-way plant-soil-microbe
interaction (Table 2; see also Table S4). Mantel tests results were consistent with diver-
sity analysis results showing that soil (and the inherent soil properties) explained most
of the microbial assemblage diversity, and plant genotype came next. Plant phenotype
had a minor but significant correlation with soil chemistry, with an R value lower than
that of microbe-plant phenotypic correlations.

Diversity of isolated microorganisms. We accessioned 361 fungal isolates that
were classified to 48 different genera and matched 66 fungal OTUs at 97% similarity and
372 bacterial isolates that were classified to 32 different genera and matched 72 bacte-
rial OTUs at 97% similarity. These were isolated from 112 individual plants, including at
least three samples for each genotype in each soil. Plants with the greatest height were
targeted for microbial isolation, including all of the 57 plants from Hancock. Fusarium
accounted for 53% of the isolated fungi, followed by Setophoma with 8.6%, while
Pseudomonas accounted for 25% of isolated bacteria, followed by Agrobacterium with
15.4% (see Fig. S5A and B).

FIG 2 Community structure shown by principal coordinate analysis (PCoA) and distance to centroid distributions. (A)
Fungal PCoA; (B) prokaryotic PCoA (axes were inverted to match samples organization in the ordination space of
Fig. 2A); (C and D) dispersion around soil or genotype samples centroids for fungal communities; (E and F) dispersion
around soil or genotype samples centroids for prokaryotic communities. The results from permutational multivariate
analysis of variance are reported for significant factors. Lowland ecotypes are shown in boldface; upland ecotypes are
unbolded. Letters mark statistically significant differences (P # 0.05) evaluated with pairwise permutational ANOVA
(perm. 9999) and P values corrected following Benjamini and Hochberg method. Boxplot outliers are reported as
black-colored asterisks.
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We tested whether amending an antioxidant mix to cultures could increase di-
versity of isolated bacteria and fungi. We found that it could, depending on the iso-
lation media that was used. As can be seen in the accumulation curves (see
Fig. S5C and D), the same isolation effort can provide a higher number of different
genera if antioxidants are used, accounting for 1.7 extra genera for 50 isolates in
1% malt extract agar (MEA) and 2.4 extra genera for 50 isolates in 0.1% MEA. In
addition, antioxidant amendments in MEA reduced the prevalence of Fusarium
from 46 to 30%. Dilute MEA (0.1%) provided similar results, with 2.4 extra genera
for 50 isolates and reducing Fusarium prevalence from 57 to 50%. Antioxidant
amendments also increased the diversity of culturable bacteria in LGI-P (Liquid
Glucose Ivo Pernanbuco) media, with 4.5 extra genera for 31 isolates and reducing
Pseudomonas prevalence from 35 to 18%. For LGI media, the increase induced by

FIG 3 Random forest (RF) modes of aerial plant biomass using fungal and bacterial communities traits and soil chemical properties as
predictors. A and D, RF regression lines; B and E, % increase MSE (mean squared error) of the selected predictors (important variables after
99 Boruta iterations) used for the RF models; C and F, PCA of predictors with loadings for fungal and bacteria communities, respectively.
Predictors were all z-score transformed before running the models. Model errors, percent explained variance, and significance (perm. 9999)
are also reported directly in the graphs. Lowland ecotypes are highlighted in boldface; upland ecotypes are unbolded. Abbreviations:
Disp.Soil = multivariate dispersion for soil groups, Disp.Genotyep = multivariate dispersion for genotype groups, Read.No = number of total
sequence reads obtained in each sample, PcoA.1 = first axis PCoA of Fig. 2, and PcoA.2 = second axis PCoA of Fig. 2.
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antioxidants was of only 0.75 genera per 31 isolates, while the Pseudomonas preva-
lence increased from 13 to 20%. For NFB media, however, the antioxidant amend-
ments reduced the number of culturable genera by 0.8 per 31 isolates and
increased the prevalence of Pseudomonas from 29 to 32%. Cultivation of Rhizobium was

FIG 4 Random forest (RF) model of aerial plant biomass using 54 selected (important variables after selection with Boruta) fungal OTUs as predictors. (A) RF
regression lines; (B) PCA of predictors with loadings, (C) percent increase MSE (mean squared error) of the selected predictors used for the RF models. Model errors,
percent explained variance, and significance (perm. 9999) are also reported directly in the graphs. Bar colors in panel C represent the association of an OTU with a
specific soil (P # 0.05 after Benjamini and Hochberg correction), “1” and “–” represent OTUs that are positively or negatively correlated with aerial plant biomass in
linear models (see Table S3B), and boldface OTU names represent a match to our isolate collection. Not all OTU numbers are present to avoid overlapping, but they
can be seen in a larger plot in Fig. S4A. Lowland ecotypes are shown in boldface; upland ecotypes are unbolded.
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also affected by the addition of antioxidants. An approximate 3.7% of strains in regular
media were identified as Rhizobium, while 5.5% of strains in antioxidant amended media
identified as Rhizobium, a relative increase of almost 50%. Ultimately, 58 different genera
were defined for 425 isolates from regular growing conditions, and 50 different genera

FIG 5 Random forest (RF) model of aerial plant biomass using 52 selected (important variables after selection with Boruta) bacterial OTUs as predictors. (A) RF
regression lines; (B) PCA of predictors with loadings, (C) percent increase MSE (mean squared error) of the selected predictors used for the RF models. Model
errors, % explained variance, and significance (perm. 9999) also reported directly in the graphs. Bar colors in panel C represent the association of an OTU with a
specific soil (P # 0.05 after Benjamini and Hochberg correction), “1” and “–” represent OTUs that are positively or negatively correlated with aerial plant
biomass in linear models (see Table S3B), and boldface OTU names represent a match to our isolate collection. Not all OTU numbers are present in panel B to
avoid overlapping, but they can be seen in a larger plot in Fig. S4B. Lowland ecotypes are shown in boldface; upland ecotypes are unbolded.
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were defined for 240 isolates from antioxidant amended conditions. The representative
sequences of the isolated microbes are available in the supplemental material.

DISCUSSION
Plant genotype has a negligible effect on switchgrass rhizobiome. Plant geno-

type impacts on the plant microbiome have been challenging to study because of con-
founding interactions between genotype and the environment. In this study, we used
a common garden design to evaluate the effect of switchgrass genotype and soil ori-
gin on fungal and bacterial rhizobiome members and identify microbiome taxa corre-
lated with greater plant biomass. Our results demonstrate that plant genotype has a
significant effect on the root microbiome structure but that the effect was small and
driven by samples in soils having higher beta diversity and heterogeneity across sam-
ples. However, we found a significant soil � plant genotype interaction for fungal rich-
ness, suggesting that richness differences between genotypes change as soil factors
change and that the host genotype-microbe interaction is soil dependent.

Previous research has found weak effects of host genotype (23, 24). For example, a signif-
icant interaction effect of soil type and genotypes was found for the soybean rhizosphere
microbiome diversity, with soil type predominantly shaping the community assembly and
host genotype only finely tuning the recruitment process (24). InMedicago truncatula, bacte-
rial diversity was driven by significant soil origin effects in the rhizosphere and significant
plant genotype effects in the root endosphere, with strong compartment � soil origin and
compartment� plant genotype interactions reported (13).

Soil origin is a major driver of fungal and bacterial communities in switchgrass
roots. We found that soil origin was the main driver of community structure in both
bacteria and fungi, as samples grouped primarily by soil origin in the ordination space.
In contrast, genotype significantly explained only a small position of the variance in
the data. However, we understand soil origin encompasses many factors and con-
straints, including microbial biodiversity, soil physical and chemical factors, as well as
the interactions of all of these factors. In addition, we homogenized field soil with sand
in order to establish well-draining biological replicates for our greenhouse study; thus,
the structure of the soil was disrupted. The microbial succession in the recovery phase
of this disruption is a variable that we did not explicitly account for in this study.

Interestingly, plant genotype effects were significant in soils that showed high average
heterogeneity (i.e., multivariate dispersion) but not in soils that showed low sample hetero-
geneity. These results indicate that certain plant genotypes are able to recruit higher micro-
bial diversity in some soils but not others. This response is likely due to inherent soil physio-
chemical constraints on the microbial activity. Microbe-microbe interactions and soil
factors, including soil type, pH, and organic matter, are known to influence microbial
recruitment in the rhizosphere (4, 25). Bacteria may be better able to disperse and contact
roots when water is freely available, while fungi are filamentous and are able to traverse
from bulk soil to the root surface. Thus, fungi may be less dependent on small variations of
soil moisture for dispersal compared to bacteria.

TABLE 2 Three-way correlations of bacterial and fungal communities, plant phenotypic
traits, and soil chemical properties according to the Mantel test

Correlation

Mantel statistic

R P value
Bacteria vs plant phenotype 0.171 ,0.001
Bacteria vs soil chemistry 0.3078 ,0.001
Fungi vs plant phenotype 0.1438 ,0.001
Fungi vs soil chemistry 0.2904 ,0.001
Plant phenotype vs soil chemistry 0.0755 ,0.001
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Plant biomass is predicted by soil macronutrients, plant ecotype, and microbial
diversity. Random forest models were used to predict plant biomass from soil, plant
and microbiome data. Major predictors of plant biomass identified through this
approach were soil macronutrients. For example, NO3

2 showed a slight negative and
PO4

32 and Mg21 showed a positive correlation to aboveground plant biomass (see
Fig. S4C). Other variables that predicted plant biomass were soil origin, switchgrass
ecotype and genotype, as well as microbial community diversity and structure. In fact,
the roles of soil chemical properties, as well as microbial diversity and structure, are
inseparable factors that are well known to significantly influence plant growth and de-
velopment. Previous studies have suggested the importance of soil chemical proper-
ties in shaping microbial diversity and community structure, especially nitrogen, phos-
phorus, and pH (26–28), and the resulting belowground microbiome then iteratively
affects the plant productivity (29–31). This soil-microbe-plant three-way interaction
was again demonstrated in our study. What is special to our case is that the microbial
beneficial effects seemed to overcome the soil nutritional effect reflected in plant bio-
mass production, where higher NO3

2 and K1 in Lux Arbor soil was coupled with both
lower microbial diversity and plant biomass. It is likely that the activity of microbe-
mediated nutrient acquisition in switchgrass grown in Lux Arbor soil was lower than
switchgrass grown in other soils and resulted in the differential plant nutrient availabil-
ity and biomass production. Mechanisms for how adaptive microbial communities can
help plants acquire nutrients such as nitrogen and phosphorus has been extensively
studied, with nutrient solubilization or mineralization via efflux of anions or protons,
releasing enzymes and engaging ligand-exchange reactions identified as being important
(32, 33). The relatively even indicator taxa selection across all soil types suggests that micro-
bial taxa predictive of biomass predictions were likely not due to coincidental correlation
between biomass and the selective microbiome resulting from any one specific soil.

Switchgrass microbiome and isolated fungal and bacterial diversity. This study
underscores the important effect of arbuscular mycorrhizal fungi on switchgrass plant
biomass. Nearly half of the OTUs selected by random forest among all OTUs predictive
of aerial plant biomass were arbuscular mycorrhizal fungi (AMF) in Glomeraceae. It is
well known that AMF promotes plant growth by facilitating nutrient acquisition, partic-
ularly phosphorus (34, 35). In addition to the AMF, one OTU belonging to the plant-
growth-promoting Serendipita (Sebacinales) was also selected by the random forest
models. Serendipita are a known switchgrass growth promoter taxon that enhance nu-
trient availability and stress tolerance of host plants (36–38). In our study, Glomeraceae
OTUs were more abundant and diverse than Sebacinales OTUs, supporting previous
findings showing that Sebacinales to be less diverse, common, and abundant than
Glomeromycota in the switchgrass system (39). Interestingly, a Mollicute-related endo-
symbiont (MRE) of AMF (“Ca. Moeniiplasma glomeromycotorum”) was also identified
as being important to switchgrass biomass. Perhaps, MRE are a biomarker for AMF or,
alternatively, they may be adaptive elements in plant microbiomes. Unfortunately,
AMF and their MRE symbionts are both obligate biotrophs. Therefore, tests on their
impact on plant biomass are more difficult to conduct directly with these taxa.
However, among the effective biomass fungal predictors identified by random forest
models, 16 of them are represented in the collection of switchgrass isolates obtained
in this research. Of these, Striaticonidium brachysporum and Monosporascus eutypoides
may yield special interests since they were further selected in the linear regression
model showing significant and positive association with switchgrass biomass.
Interestingly, many closely related species or species in genera Striaticonidium and
Monosporascus are known to be plant pathogens; however, many are plant endo-
phytes, and their functional relationship with plants may differ between species or
hosts (40–42). Further investigations with switchgrass isolates will allow for direct tests
on beneficial effects and mechanisms of switchgrass biomass accumulation under dif-
ferent soil conditions, such as varied levels of microbial diversity or plant nutrients.

The bacterial isolation effort utilizing antioxidants and N-free media resulted in a
large number of strains belonging to the Rhizobium genera, a group of bacteria that
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were also predictive of plant biomass. N-free semisolid media has been shown to be
very successful at retrieving rhizobia from nonleguminous plants (43), while the addi-
tion of antioxidants should alleviate oxidative stress, possibly rescuing bacteria from
the viable but nonculturable condition (44, 45). Given that the unproductive agricul-
tural lands that compose the soils in this study are by definition nutrient poor (20), one
could expect that associative N-fixing bacteria could be playing a relevant role in nitro-
gen nutrition for switchgrass plants. Interestingly, NO3

2 was predictive of lower switch-
grass biomass in the RF model, indicating, switchgrass may prefer NH4

1 or is not N lim-
ited. Switchgrass had not been selected to respond to fertilizer application and instead
may rely on associative N fixation or other episodic microbial associations for maintain-
ing nutrition (46, 47). Finally, there were four Rhizobiales OTUs highlighted as relevant
in the random forest model, one being a Rhizobium that matches a strain in our collection,
Rhizobium sp. strain GLBRC894. Further studies with fungal and bacterial isolates from switch-
grass will allow for more direct tests on pairwise or consortium effects microbiome members
on plant traits of interest, including growth, nutrition, and stress resilience.

Conclusion. In conclusion, this research showed significant soil effects and minor geno-
typic effects on switchgrass root-associated microbial recruitment among six switchgrass
cultivars belonging to two ecotypes and grown across four soils. Both soil chemical proper-
ties and root-associated microbiome were significant factors in explaining aerial biomass
variation. While soil fertility is known to be important to plant growth, microbial factors had
a stronger effect on plant biomass, reinforcing the significant role of microbes in shaping
plant growth and development. Plant-beneficial microbes, including AMF and Rhizobiales,
were identified as potential switchgrass biomass promoters in this study. Further directed
studies made possible with microbial isolates generated through this work, including
Striaticonidium brachysporum and Monosporascus eutypoides, and putative N-fixing bacteria
in the Rhizobiales can be used to validate results and facilitate bioenergy crop productivity
in unproductive agricultural land for a more sustainable bioenergy output.

MATERIALS ANDMETHODS
Preparation of microcosms. Samples of the top 10 to 15 cm of field soil surrounding the switch-

grass plots of marginal land experiment sites from GLBRC were collected at Hancock (Hancock, WI), Lake
City (Lake City, MI), Lux Arbor (Delton, MI), and Rhinelander (Rhinelander, WI) and stored at 4°C for
;4 weeks prior to planting. Soil characteristics are available in Kasmerchak and Schaetzl (48) and are
summarized in Table S5 in the supplemental material.

Approximately 38 L of soil from each of these sites was sieved to remove organic and mineral debris,
mixed 1:1 with autoclaved coarse sand, homogenized, and filled into 1-L pots. Sand was sterilized by first
hydrating 5 L of sand with 1 L of ddH2O and then autoclaving this twice at 121°C for 2 h, with a 24-h
cooling interval between autoclave cycles.

Switchgrass seed of the lowland ecotypes Alamo and Kanlow and the upland ecotypes Cave-in-rock,
Shelter, Blackwell, and Southlow were obtained from Native Connections (Kalamazoo, MI). To remove
the seed microbiome, ;2-mL portions of seeds were placed in a sterile 15-mL tube, and dry seeds were
exposed to a 55°C water bath for 1 h to prevent the viability of fungal seed endophytes (49). The seeds
were then surface sterilized in a four-step process that included washing with 95% ethanol for 1 min,
washing with 3% active household bleach for 5 min, washing with 95% ethanol again for 1 min, and finally rins-
ing three times with sterile ddH2O. Approximately 40 seeds were then spread in plates with sterilized kimwipes
saturated with sterile water and left for 2 weeks under artificial lights to pregermination. Five pregerminated
seeds of similar size from all six genotypes were planted in pots containing four soils and were then thinned to
one plant per pot 2 weeks after planting. There were 28 treatments, including no-plant controls for all soils, and
10 replicates per treatment. Plants were grown for 4 months in a temperature-controlled greenhouse at
Michigan State University. Plant traits, including height, the number of leaves, the number of tillers, and the
flowering stage, were measured at 12 and 16 weeks after planting. Other traits, including the root length,
the number of nodes, and the plant aerial part dry weight, were measured 16 weeks after planting. Soil pH,
PO4

32, K1, Ca21, Mg21, organic matter (OM), and NO32N contents for each treatment were measured by the
Michigan State University (MSU) Soil Test Laboratory.

Roots were harvested from each plant for microbial isolation and DNA extraction. Roots were rinsed
with a 0.5% Tween 20 wash to remove soil debris and then rinsed three times with sterile ddH2O.
Washed roots were then subsampled for isolation and DNA extractions. Root tissue for DNA extraction
was flash-frozen with liquid nitrogen and stored in 280°C until lyophilization and bead beating. Soil
from plant-free pots was homogenized, flash-frozen with liquid nitrogen, and stored in 280°C until ly-
ophilization and DNA extraction.

Isolation of microorganisms and antioxidant treatments. To isolate fungi from switchgrass roots,
soil-free roots were first washed as described above. They were then surface sterilized by shaking the
roots for 1 min in ethanol 70%, then for 2 min in 50% household bleach (or final 3.75% sodium
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hypochlorite), and then for an additional 1 min in ethanol 70% and finally rinsed five times with steri-
lized ddH2O (50). Roots were then cut in 2- to 5-mm pieces with sterilized scissors. For fungus cultivation,
root fragments were gently submerged into solid 1% malt extract agar (MEA; 10 g/L malt extract, 10 g/L
agar, 2.5 g/L yeast extract) and 0.1% MEA, which were both amended with the B vitamins thiamin
(1 mg/L) and biotin (0.5 mg/L) and the broad-spectrum antibiotics rifampicin (50 mg/L) and chloram-
phenicol (100 mg/L). An antioxidant mix was applied to part of the isolation cultures to assess whether
it would increase microbial culturability by reducing oxidative stress. This antioxidant mix was com-
posed of a filter-sterilized mixture of catalase (3.5 mg/mL), peroxidase (0.7 mg/mL), sodium ascorbate
(50 mg/mL), and sodium pyruvate (50 mg/mL) and was kept in ice during preparation and application.
For fungal cultures, a 10-mL droplet of the antioxidant mix was applied directly on root fragments imme-
diately after incubation. Cultures from roots were incubated at room temperature for 3 to 6 days before
a small portion of media with mycelia was transferred to fresh solid media to establish pure isolates.
Cultures were archived long-term in vials by transferring four to six agar slabs to 10 mL of sterile ddH2O.

Bacteria were isolated from switchgrass roots on the nitrogen-free media New Fábio Pedrosa (NFB),
Liquid Glucose Ivo (LGI), and Liquid Glucose Ivo Pernanbuco (LGI-P) to select for putative diazotrophs, as
described previously (50). Briefly, surface-sterilized switchgrass roots were resuspended in 25 mL of ster-
ile NaCl 0.85% and left to shake overnight at 4°C. For bacterial cultures, 100 mL of the antioxidant mix
(described above) was applied in 10 mL of semisolid NFB, LGI, and LGI-P media in 20-mL vials. Then, 100
mL of the antioxidant mix was spread in solid N-free plates immediately before streaking.

Identification of cultured strains. Fungal DNA was extracted by incubating a small portion of
mycelia in 20 mL of an extraction solution (filter-sterilized 1 M Tris [1 mL/L], 0.186 g/L KCl, and 37 mg/L
EDTA and then adjusted to pH 9.5 to 10.0 with 1 M NaOH) for 10 min before lysing at 95°C for 10 min.
Directly after extracting the DNA, 60 mL of filter-sterilized bovine serum albumin 3% was added to each
tube. PCR amplification was carried out with the primer set ITS1F/LR3 at 10 mM, 0.375 mL each per reac-
tion; Platinum Green Hot Start PCR Master Mix (2�; Invitrogen), 6.25 mL per reaction; 3 mL of ultrapure
water per reaction; and 2 mL of DNA extract per reaction. The reaction was conducted in a thermocycler
beginning with 3 min of denaturation at 95°C; 35 cycles of 95°C for 30 s, 52°C for 30 s, and 72°C for 60 s;
and a final extension of 72°C for 7 min to generate an approximately 1,000- to 1,300-bp product.

Bacterial isolates were identified by boiling 100 mL of culture medium (95°C for 10 min) to extract
DNA, which were amplified with the primer set 515F/806R according to the conditions described above
to generate a 350-bp product. Single-stranded DNA was removed by incubating 2mL of the PCR product
with 2 mL of a 20-U/mL exonuclease (Sigma) and 5-U/mL Arctic phosphatase (New England Biolabs) mix at 37°C
for 30 min and 20 min at 80°C. Sanger sequencing was performed at the MSU Research Technology Support
Facility. The forward and reverse sequences were merged, trimmed, checked for quality in Geneious 9.1, and
compared to the NCBI data through BLAST and CONSTAX2 to help identify isolates (51).

MiSeq library preparation from roots and soils. Genomic DNA was extracted from roots with an
Omega Mag-Bind Plant DNA Plus kit (Omega Bio-Tek, USA) and from soils with the MagAttract
PowerSoil DNA KF (Qiagen, USA) on a KingFisher Flex purification system platform according to the
manufacturer’s instructions. Each 96-well plate included 6 negative-control blank extractions, where no
DNA was added, for a total of 24 negative controls. In addition, the ZymoBIOMICS Microbial Community
DNA Standard D6305 (Zymo Research, USA) was used as a positive-control mock community for 16S
rRNA gene libraries, and synthetic ITS sequences (52) were used as a positive-control mock community
for the ITS libraries. In total, eight mock samples were included alongside the ITS or 16S libraries.
Extracted DNA was quantified with a Quant-iT PicoGreen dsDNA assay kit (Thermo Fisher Scientific,
USA), and the DNA concentration was normalized with an Arise Biotech EzMate601 automated pipetting
system before amplification. DNAs were amplified with DreamTaq Green DNA polymerase (Thermo
Scientific) for ITS library construction and Platinum Taq DNA polymerase (Thermo Scientific) for 16S
library construction. We utilized the primer sets ITS1F/ITS2 to target the ITS1 sublocus region of ITS (53)
and 515f/806r to target the V4 region of 16S rDNA (54). A modified version of the three-step PCR
described previously (55) was used as previously described (56, 57). Briefly, genomic DNA was amplified
with generic primers (step 1, 10 PCR cycles) to enrich fungal rDNA template. We then amplified the PCR
products with primers incorporating 1- to 6-nucleotide frameshifts to increase diversity between sam-
ples (step 2, 10 PCR cycles). Finally, we incorporated 10-nucleotide indexing barcodes and Illumina
adapters to the PCR products (step 3, 15 PCR cycles).

PCR products size and concentration were determined on a QIAxcel Advanced machine with a DNA
Fast Analysis kit (Qiagen). Sample libraries were then normalized with a SequalPrep normalization plate
kit (Thermo Fisher Scientific) and pooled. The generated amplicon library was then concentrated at
approximately 20:1 with Amicon Ultra 0.5-mL 50K filters (EMDmillipore, Germany) and purified from
primer dimers with Agencourt AMPure XP magnetic beads (Beckman Coulter, USA). Multiplexed libraries
were sequenced on an Illumina MiSeq analyzer using the v3 600 cycle kit (Illumina, USA) by the MSU
Research Technology Support Facility.

Bioinformatic analysis. Raw ITS and 16S reads were quality evaluated with FastQC and merged in
PEAR (58). Selected reads were demultiplexed according to sample barcodes in QIIME (59), removed
from Illumina adapters and sequencing primers with Cutadapt (60), quality filtered, trimmed to equal
length (61, 62), dereplicated, removed from singleton sequences, and clustered into operational taxo-
nomic units (OTUs) based on 97% similarity with UPARSE (63) algorithms. Taxonomy assignments were
performed with CONSTAX2 (51) against the eukaryotic UNITE database (version 4-2-20) (64) for the ITS
data and SILVA, version 138 (65), for the 16S rDNA. The bioinformatic code used in this study is available
(https://github.com/PedroBeschoren/MSU-HPCC_AmpliconLibrary).
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Statistical analysis. Contaminant OTUs were removed from the data sets using the R package
decontam (66), and the removed OTUs are shown in Fig. S1. To evaluate the influence of switchgrass ge-
notype and soil on alpha-diversity metrics (i.e., OTU richness and Shannon index), we used general linear
models implemented in R through the glm function. To avoid violation of model assumptions we calcu-
lated the log(richness), removed samples that failed to sequence (i.e., outliers), and included sample
read number (i.e., read depth) in the model, as shown previously (67).

The read number represents the bias generated by variable sequencing success among samples that
always occurs during high-throughput sequencing. In some situations, a higher sequencing depth does
not translate into higher biodiversity; therefore, including the read number as the first predictor in the
model directly accounts for this sequencing bias, and it does not discard data the way that common
practices such as rarefaction do (68).

For beta-diversity we studied two components: (i) community structure, defined as the difference in
multivariate space between samples and sample groups, and (ii) community dispersion, defined as mul-
tivariate variance within each sample group. We used principal coordinate analysis (PCoA; i.e., metric
multidimensional scaling) implemented in R through the cmdscale function combined with adonis (per-
mutational multivariate analysis of variance using distance matrices) and betadisper (multivariate homoge-
neity of groups dispersions) in the vegan package (69). Differences in multivariate dispersion were tested
using permutational analysis of variance (ANOVA; perm. 9999), and P values were corrected according to the
Benjamini and Hochberg (BH) correction method (70). To model the effect of the microbial communities, as
well as plant ecotype, genotype, soil origin, and soil chemistry on aerial dry plant biomass, and to identify the
most important OTUs influencing aerial dry plant biomass. We used Random Forest (RF) in the randomForest
R package. Prior to running the RF models, we run the feature algorithm implemented in Boruta in the
Boruta R package across all predictors. To investigate autocorrelation across predictors, we coupled the RF
models with principal component analysis implemented in prcomp in the stats R package.

A Mantel test was used to examine correlations between complex matrices, including that of bacte-
rial communities, fungal communities, switchgrass phenotypic traits, and soil chemical composition, to
approximate the three-way interactions of plant-microbe-soil. Function mantel in the vegan package in
R was used with Spearman correlation and 999 permutation. Switchgrass phenotypic traits at 16 weeks
were used, with categorical variables, including growth stage and flowering status, converted into
dummy variables. Bacterial and fungal communities, switchgrass phenotypic traits, and soil chemistry
were then converted into Bray-Curtis distance matrices, and the correlations among them were tested
with Spearman correlation with significant level of 0.05. Plots were generated using ggplot2 and other
ggplot2 extension R packages (71, 72). We then fit neutral models into our OTU distributions to provided
information about deterministically recruited community members (73, 74), as implemented in the tyRa
R package (75). Following the random forest modeling, the important microbial predictors selected
were then passed into a linear regression model to quantitatively associate them with plant biomass.
The linear models were built using backward selection with the stepAIC function in the MASS R package
(76). In addition, we assessed the degree of correlation and significance (P # 0.05 after BH correction) of
each OTU to a target soil in relation to other soil using the function multipatt with the “r.g” parameter in
the indicspecies R package (77), and we overlapped this information with the most important features
for classification obtained with the RF models. All figures were plotted in R using the ggplot2 R package.
Minimal graphical adjustments to improve figure visibility were performed using Inkscape (78).

Data availability. Original, demultiplexed, sequence data reads are available in the Sequence Read Archive
(79) and searchable through using the BioProject accession PRJNA785605. Sanger sequences have been depos-
ited to GenBank (80) under accession numbers OM106204 to OM106850, and OM445531 to OM445972. All data
needed to reproduce the analyses and the developed R code are provided at https://github.com/Gian77/
Scientific-Papers-R-Code/tree/master/daCosta_and_Benucci_etal_2021_SwithgrassMicrobiome.
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