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Abstract
Environmental circumstances shaping soil microbial communities have been studied 
extensively. However, due to disparate study designs, it has been difficult to resolve 
whether a globally consistent set of predictors exists, or context-dependency prevails. 
Here, we used a network of 18 grassland sites (11 of those containing regional plant 
productivity gradients) to examine (i) if similar abiotic or biotic factors predict both large-
scale (across sites) and regional-scale (within sites) patterns in bacterial and fungal com-
munity composition, and (ii) if microbial community composition differs consistently at 
two levels of regional plant productivity (low vs. high). Our results revealed that bacteria 
were associated with particular soil properties (such as base saturation) and both bacte-
ria and fungi were associated with plant community composition across sites and within 
the majority of sites. Moreover, a discernible microbial community signal emerged, 
clearly distinguishing high and low-productivity soils across different grasslands inde-
pendent of their location in the world. Hence, regional productivity differences may be 
typified by characteristic soil microbial communities across the grassland biome. These 
results could encourage future research aiming to predict the general effects of global 
changes on soil microbial community composition in grasslands and to discriminate fer-
tile from infertile systems using generally applicable microbial indicators.
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1  |  INTRODUCTION

Soil microbial communities, especially bacteria and fungi, per-
form fundamental ecological functions in terrestrial ecosys-
tems, primarily through their role in biogeochemical processes 
(Falkowski et al., 2008; Tedersoo et al., 2014) and numerous direct 
and indirect interactions they form with plants (van der Heijden 
et al., 2008). The predictors of bacterial and fungal community 
composition have been thoroughly studied in an attempt to un-
derstand soil microbial biogeography (de Vries et al., 2012; Fierer 
& Jackson, 2006; Tedersoo et al., 2014) and to be able to predict 
the effect of environmental changes on microbial communities 
and the functions they perform (Pold & DeAngelis, 2013). While 
global scale analyses strongly indicate that factors such as soil 
pH, climate, plant productivity (Delgado-Baquerizo et al., 2018; 
Fierer & Jackson, 2006) or climate and plant community compo-
sition (Prober et al., 2015; Větrovský et al., 2019) can universally 
predict some aspects of large-scale soil bacterial and fungal com-
munity composition, respectively, such relationships often cannot 
explain the variation in community composition at smaller scales. 
Indeed, several studies have indicated that the drivers of micro-
bial community composition may strongly vary with spatial and/
or environmental contexts (Chalmandrier et al., 2019; Martiny 
et al., 2011; Shi et al., 2018) and that predictability of the soil mi-
crobiome therefore depends on spatial scale (Averill et al., 2021). 
This disparity may simply be caused by the fact that gradients 
of explanatory variables are longer at global scales (ideally en-
compassing the full global range of e.g. climate, soil pH, or plant 
community composition), facilitating statistical power detecting 
them. However, it may also indicate that the factors driving soil 
communities are context-dependent. If this is the case, it strongly 
impedes our capacity to make general predictions about the effect 
of altered environmental conditions on soil communities and the 
processes they perform.

Variation in the strength and sign of ecological relationships 
under different environmental, spatial, or ecological settings (i.e. 
context-dependency) is common in nature (Chamberlain et al., 2014; 
Maestre et al., 2005; Tedersoo et al., 2015). Context-dependency 
in the processes that structure microbial communities may arise for 
several (non-mutually exclusive) reasons, including historical lega-
cies (Fukami, 2015), stochastic events in community assembly pro-
cesses (Beck et al., 2015), or dispersal limitation (Peay et al., 2010). 
The drivers of microbial community composition could thus strongly 
differ depending on region, presence of keystone taxa (Banerjee 
et al., 2018), or environmental conditions (Hendershot et al., 2017). 
However, the apparent context-dependency could also arise as an 
artefact of a study design or due to methodological differences 
among studies (Catford et al., 2022).

Thus far, it has been challenging to examine the context-de-
pendency vs. generality in predictors of bacterial and fungal com-
munity composition across sites because most studies have either 
been restricted in spatial extent or were otherwise not suitable 
to evaluate context-dependency. While global-scale studies can 

detect general patterns and predictors of microbial communities, 
the lack of local replication within these global studies compli-
cates distinguishing between possible drivers that covary across 
locations. For instance, microbial and plant communities on the 
one hand, and soil properties on the other, both strongly covary 
with geographical distances and climate (Steidinger et al., 2019). 
Regional- and local-scale studies may be better suited to assess 
the effect of soil properties and plant communities along an en-
vironmental (e.g. productivity or fertility) gradient, but findings 
may not generalize across multiple individual gradients (Alzarhani 
et al., 2019). Hence, understanding context-dependency requires 
a simultaneous examination of large and regional (local) scale pre-
dictors of microbial community composition.

Here, we used a network of 18 grassland sites (each with two to 
six 64 m2 plots; Figure 1), 11 of which contained plots located along a 
regional gradient in plant productivity (Fraser et al., 2015), to examine 
the consistency of predictors of soil bacterial and fungal community 
composition under different spatial scales and environmental con-
texts. Given that grassland productivity is intrinsically related to bio-
diversity, soil fertility and plant–soil interactions (Delgado-Baquerizo 
et al., 2017; Guerrero-Ramírez et al., 2019), and therefore to the 
overall ecological functioning of the system, different regional pro-
ductivity levels represent distinct underlying environmental contexts 
for the development of soil microbial communities. This thus provides 
an ideal setting to replicate a strong and contrasting ecological sig-
nal. For instance, at high productivity, plant competition for light is 
strong, favouring acquisitive, fast-growing plant species (DeMalach 
et al., 2016). This could have add-on effects on soils: high input of eas-
ily decomposable plant litter selects for more acquisitive microbiota 
such as copiotrophic bacteria (Ling et al., 2017; Ramirez et al., 2010), 
which are selected over fungi, oligotrophic bacteria and microbes en-
gaged in nutritional symbioses with plants (de Vries et al., 2007).

To examine whether similar predictors explain variation in mi-
crobial community composition across scales, we first analyse the 
importance of 17 environmental variables in explaining large-scale 
bacterial and fungal community dissimilarities and test if plant 
community composition can explain additional variation. We then 
examine whether important, regionally-varying, predictors identi-
fied at the large scale can likewise consistently predict within-site 
microbial community composition, thus truly ruling out any covari-
ances between sites. Finally, we examine whether two contrasting 
grassland productivity levels (regionally low and high) have a con-
sistent association with overall microbial community composition 
across different sites. If the drivers of microbial communities are 
strongly context-dependent, we hypothesize that the important 
environmental or plant community predictors identified at the 
large scale would be poor or inconsistent predictors of within-site 
variability. Likewise, if the effect of plant productivity on microbial 
community composition varies strongly across grassland sites (i.e. 
depending on climatic conditions, biogeography, soil type), we ex-
pect no significant differences between communities at high and 
low productivity levels as well as no common indicator taxa of par-
ticular productivity levels.
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2  | METHODS

2.1  |  Sampling sites and data collection

Data were collected from 18 Herbaceous Diversity Network 
(HerbDivNet) grassland sites (Fraser et al., 2015) located in 12 
countries (Figure 1). The sites include different types of grass-
lands (xeric, mesic and hydric) spanning a wide range of climatic 
conditions (mean annual temperature ranges from 1.5°C to 20.1°C 
and mean precipitation ranges from 294 mm to 1237 mm). Peak 
annual biomass values spanned a range from 13 g/m2 to 1187 g/
m2. Each of the 18 sites contained between two and six 8 × 8 m 
plots: 11 sites contained six plots, one site contained four plots, 
one site three plots and five sites contained two plots (Table S1); 
giving a total of 83 plots. Most sites were chosen to represent a 
site-specific gradient in productivity based on their plant biomass 
production; with six plots (two replicates of low, medium and high 
productivity) located within the same region with little to no vari-
ation in climatic conditions (Fraser et al., 2015). However, seven 
sites contained fewer plots and did not contain a productivity gra-
dient (Figure 1).

2.1.1  |  Soil sampling and storage

Soil samples were taken in a single sampling event at the peak 
of the growing season in the period between 2017 and 2018 
(Table S1). For each plot within a site, five soil subsamples to a 
depth of 10 cm were taken from four corners and the centre of the 
plot. Subsamples for microbial analyses were taken and stored in 

pure ethanol (a total of 415 samples) and the rest of the sample 
was pooled into one composite sample (a total of 83 samples), air-
dried and passed through a 2 mm sieve. Soil microbial communities 
were analysed separately per plot to capture the heterogeneity 
of the plot, restrict coincidental inhibitory compounds to inter-
fere with PCR of entire plots, and enable future additional analysis 
on within-plot variation. All samples were further analysed at the 
University of Antwerp. Samples for microbial analyses stored in 
ethanol were kept cool until DNA extraction (see below). Storage 
in ethanol has been shown to yield similar DNA recovery as cold 
storage conservation with successful amplifications after 1 year of 
storage (Harry et al., 2000).

2.1.2  |  Plant sampling

Plant species presence and total aboveground biomass were meas-
ured from each m2 of each 64 m2 plot in a single event at the peak 
of the growing season. Most sites were surveyed in 2012, but some 
were surveyed in later years (2015 or 2017; Table S1). Litter was 
first excluded from the total biomass and live biomass was dried and 
weighed. Based on this, the average peak biomass production [g/m2] 
was calculated for each plot.

The data on the presence of different plant species at each 
1 m2 subplot of the plot (Fraser et al., 2015) was used to derive 
the ‘frequency’ of different species per 64 m2 plot (e.g. the spe-
cies that is found only in one subplot got a value of 1 and the 
one found in every subplot, a value of 64), which was used as a 
measure of relative abundance. Further analyses of plant com-
munity composition distances were based on species aggregated 

F IGURE  1 The location of 18 HerbDivNet sites in relation to global precipitation values. Red diamonds indicate 11 sites that contained 
a clear productivity gradient and yellow circles indicate other sites (containing from 2 to 6 plots but with no clear productivity gradient). All 
plots (n = 83) were used in the analyses of large-scale predictors of microbial community composition while 11 sites containing a productivity 
gradient (11 pairs of plots with relatively low and high productivity; a total of 44 plots) were used in the analyses of microbial community 
composition at high and low productivity levels. [Colour figure can be viewed at wileyonlinelibrary.com]
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to genera (as in Prober et al. (2015)) rather than to the species 
level because plant species turnover across different plots and 
sites would often be 100% and thus produce continuous data for 
highly similar communities only, reducing information content. 
For most sites, plant sampling was performed several years be-
fore soil sampling (Table S1), however, the overall composition of 
dominant plant genera remained relatively unchanged over the 
years.

2.1.3  |  Climatic, nitrogen (N) deposition and 
soil data

Mean annual precipitation (MAP) [mm/year] and temperature (MAT) 
[°C] were derived from the CHELSA database (Karger et al., 2017) 
based on the geographical position (latitude and longitude) of each 
plot, which was also used to calculate geographical distances [km] 
between the plots. Data on total inorganic N deposition [kg/ha/
year] were derived from Ackerman et al. (2018). We used the aver-
age values over the years available in the database to account for 
long-term fertilization by atmospheric N deposition.

We analysed 14 soil properties: soil organic matter (SOM), total 
N, total carbon (C), total phosphorus (P), available P, base satura-
tion (BS), cation exchange capacity (CEC), pH, soil texture (sand, clay, 
silt), extractable Ca, Mg and K. These soil properties are related to 
soil fertility and plant productivity (Vicca et al., 2018), are known to 
affect soil microbial community composition (de Vries et al., 2012; 
Tedersoo et al., 2014; Zheng et al., 2019) and can be compared 
across different sites.

2.1.4  |  Analyses of soil properties

SOM [%] was calculated as the loss of dry matter at 550°C expressed 
as a percentage of dry matter (Heiri et al., 2001). Total soil N and 
total C [%] were determined on ground soil, dried 48 h at 70°C, on 
a Flash 2000 CN analyser (ThermoFisher Scientific, Waltham, MA, 
USA). Total P [ppm] was determined using acid digestion with H2SO4, 
salicylic acid, H2O2 and selenium (Novozamsky et al., 1983). Available 
P [ppm] was analysed following the Olsen extraction method (Olsen 
et al., 1954) using a continuous flow analyser (CFA) SAN++ (Skalar, 
Breda, The Netherlands). CEC [meq/100 g] and BS [%] were estimated 
based on the exchangeable H+ and total exchangeable bases—TEB 
[meq/100 g]. For this, cations in ammonium acetate extract [ppm] 
were measured following Reeuwijk (2002) using an inductively cou-
pled plasma spectrophotometer (ThermoFisher Scientific, Waltham, 
MA, USA) and acidity was determined following Brown (1943). pH 
of air-dried soil was measured using a pH meter (Hanna HI 3222; 
Hanna Instruments, Woonsocket, RI, USA) in 1:2.5 w:v soil in 1 M 
KCl suspension (Blakemore et al., 1987). Soil texture was analysed by 
determining the percentage of primary particles (sand: 2000–53 μm, 
silt: 53–2.0 μm, and clay: <2.0 μm), following the method of Gee and 
Bauder (1986).

2.2  | Analyses of microbial communities

2.2.1  |  Sample preparation, sequencing and 
bioinformatics analyses

DNA was isolated from 415 soil samples of 0.25–0.35 g using the 
DNeasy PowerSoil Kit according to the manufacturer's protocol 
(Qiagen, Venlo, the Netherlands). The bacterial 16S V4 region was 
amplified using the 515F-806R primer pair (Caporaso et al., 2011) 
and the fungal ITS1 region was amplified using general fungal prim-
ers ITS1 and ITS2, modified according to Smith and Peay (2014). 
Each 25 μL reaction mixture contained 2 μL of the sample, 0.5 μM of 
each forward and reverse primer, 1× PCR buffer, 200 μM dNTPs and 
1 U Phusion High-Fidelity DNA polymerase (New England Biolabs, 
Ipswich, MA, USA). PCR conditions were as follows: initial denatura-
tion at 98°C for 60 s, followed by 30 (35 for fungi) cycles of: denatur-
ation at 98°C for 30 s, annealing at 55°C for 30 s, extension at 72°C 
for 30 s; and an additional extension of 72°C for 10 min. The success 
of amplification was tested on 1.5% agarose gel. For the samples 
that did not amplify successfully, amplification was attempted again 
with a modified mixture that contained 2 μL of the sample and 1 μM 
of forward and reverse primer. Successful PCR products were di-
luted 50-fold and a second PCR was performed using dual barcoded 
primers with Illumina adapters (2.5 μL of diluted PCR products and 
0.1 μM of each primer). The conditions were: 98°C for 60 s, 12 cycles: 
at 98°C for 10 s, 63°C for 30 s, 72°C for 30 s; and 72°C for 5 min. 
PCR products were run on an agarose gel and successful amplicons 
were purified and normalized using the SequalPrep Normalization 
Plate Kit (ThermoFisher Scientific) and pooled into a single library. 
The library was purified using QIAquick Gel Extraction Kit (Qiagen, 
Venlo, the Netherlands) and quantified using qPCR (KAPA Library 
Quantification Kits, Kapa Biosystems, Wilmington, MA, USA). The 
libraries were sequenced via 2 × 300 cycles using the Illumina MiSeq 
platform (Illumina Inc; San Diego, CA, USA).

The sequences were analysed using the USEARCH (v8.1.1861) 
and VSEARCH (Rognes et al., 2016) software following the UPARSE 
pipeline (Edgar, 2013). After trimming to 280 and 250 bp for bacteria 
and fungi respectively, the paired-end reads were merged and primers 
were removed. This trim length was chosen because it was the optimal 
length for merging paired reads by removing reduced-quality bases at 
the end. Merged sequences were quality filtered using the expected 
number of errors (E) as a measure of read quality, with a threshold of 
Emax = 0.5. This yielded 10.8 M and 4.02 M of good-quality reads, for 
bacteria and fungi, respectively. Following singleton removal, the se-
quences were clustered into OTUs based on 97% similarity using the 
UPARSE-OTU algorithm (Edgar, 2013), which automatically detects 
and filters out chimaeras. Filtered reads were then mapped to the 
OTUs with an identity threshold of 0.97, yielding an OTU table for 
bacteria and fungi. Representative OTUs were aligned to the SILVA 
database (bacteria) (Quast et al., 2013) (release 138) and UNITE da-
tabase (fungi) (Kõljalg et al., 2005) (release date 2.2.2019), using the 
sintax command in USEARCH with a 0.8 cut-off, resulting in 19,248 and 
13,967 OTUs for bacteria and fungi, respectively.

 1365294x, 2023, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ec.17178 by T
hom

pson R
ivers U

niversity L
ib, W

iley O
nline L

ibrary on [25/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



6928  |    RADUJKOVIĆ et al.

Further steps were performed using R software (R Core 
Team, 2015). The number of reads per subsample was rarefied 
using the rrarefy function in vegan (Oksanen et al., 2015) to 6046 
for bacteria and 1231 reads for fungi as rarefaction curves showed 
that the number of taxa was levelling off for most subsamples at 
these depths (Figure S1). Most bacterial subsamples had more se-
quences than the chosen rarefaction depth but 60 samples had 
fewer sequences than this threshold. Thirteen samples had too 
few sequences or were clear outliers (as determined by comparing 
them to other samples from the same plot using non-metric mul-
tidimensional scaling ordinations), and they were therefore dis-
carded. Fourty-seven were upsampled to contain 6046 sequences 
while retaining the original proportions, leaving 402 bacterial 
samples. As we were interested in plot-level community compo-
sition, this procedure was done in cases when it could be verified 
that the upsampled bacterial communities do not notably deviate 
from those in other subsamples of their group (i.e. those sampled 
from the same plot) which demonstrated that their overall quality 
was not compromised (Figures S2 and S3a). For fungi, 13 samples 
had too few sequences and were considered as failed, leaving 402 
samples in total. Both for bacteria and fungi, at least 3 samples per 
plot were retained. Several technical replicates were sequenced 
(same sample but separate PCR procedure and sequencing) show-
ing clustering with each other and other samples of the same plot 
(see example in Figure S3). Given that we chose to sequence five 
subsamples and then aggregate them per plot (see below), rather 
than pool them and sequence one sample per plot, subsamples 
contained a relatively low number of sequences, but each plot 
was ultimately represented by approximately 30,000 and 6000 
sequences for bacteria and fungi, respectively.

To annotate sintax-assigned fungal sequences to known genera 
in the UNITE database, we used NCBI's BLAST algorithm with de-
fault settings. OTUs were then assigned to particular taxa if they 
had a maximum E-value of 10−36 and from this, the lowest E-value 
hit with a known genus was selected. If there were none, the genus 
level was left unassigned. OTUs were subsequently assigned to 
three major functional groups: saprotrophs, pathotrophs and sym-
biotrophs using FUNGuild (Nguyen et al., 2016).

2.3  | Analysis of microbial abundance

DNA extracts of the five subsamples per plot were pooled to give 83 
plot samples in total. The abundance of bacterial and fungal gene cop-
ies per sample was quantified using qPCR targeting the 16S V4 region 
(with the 515F–806R primer pair) for bacteria and the 18S region for 
fungi (primer set FR1/FF390 (Chemidlin Prévost-Bouré et al., 2011)), 
which were chosen because high length variation of the ITS1 region 
precludes accurate quantification. Each 20 μL reaction mixture con-
tained 4 μL of the sample, 0.5 μM of each forward and reverse primer, 
1× ROX high and 10 μL of KAPA SYBR FAST qPCR master mix (Kapa 
Biosystems, Wilmington, MA, USA). qPCR conditions were as fol-
lows: initial denaturation at 95°C for 3 min, followed by 40 cycles of: 

denaturation at 95°C for 3 s, annealing at 57°C (52°C for fungi) for 
20 s, extension at 72°C for 12 s; finishing with 35 s at 50°C. Prior gel-
electrophoresis with these primers and reaction conditions showed 
the reactions were highly specific. Melting curve analysis of all am-
plicons was conducted to confirm that fluorescence signals origi-
nated from specific amplicons and not from primer-dimers or other 
artefacts. Standard curves were generated using duplicates of 10-fold 
dilutions of amplicons derived using the same primers, isolated from 
gel using QIAquick Gel Extraction Kit (Qiagen, Venlo, the Netherlands) 
and quantified using Qubit fluorometer (Invitrogen GmbH, Karlsruhe, 
Germany). Fungal and bacterial gene copy numbers were derived from 
a regression equation based on the standard curves (with minimal 
R2 > .99) by relating the quantification cycle (Cq) value of each sam-
ple to the Cq values of standards with the known number of copies. 
All reactions were performed in duplicate and the number of bacte-
rial and fungal copies was then averaged (a deviation of Cq between 
replicates < 1 was used as a passing criterion) and expressed per g of 
soil dry weight.

2.4  |  Statistical analyses

2.4.1  |  Do large-scale predictors consistently 
explain regional-scale variation in microbial community 
composition?

In this analysis, we first examined which environmental variables 
were the best predictors of bacterial and fungal community com-
position at large scale, across all plots. Then, we used the selected 
predictors to create an environmental distance matrix per region 
and examined how well it predicted regional (within-site) community 
composition for those regions that contained more than three plots. 
Moreover, we examined to what extent plant community distances 
can contribute to explaining large-scale variation when the environ-
ment is taken into account and how well plant distances explain re-
gional variation compared to the environment.

Prior to analyses, we averaged the OTU relative abundances of 
five subsamples per plot (83 plots in total) to obtain one community 
measure per plot. All environmental variables (except pH and BS) 
were transformed using square root transformation, centred and 
scaled to reduce positive skewness and to allow for the comparison 
of effect sizes. Community data (fungi, bacteria, plants) were trans-
formed with Hellinger transformation using the decostand function 
in the vegan package in R.

Climate, N deposition, geographical distances, soil variables 
and plant biomass were used as potential predictors of large-scale 
variation in microbial community composition (Table S2). The in-
fluence of different factors on the dissimilarity in bacterial and 
fungal communities across all the plots was analysed using multi-
ple regression on distance matrices (MRM) in the ecodist package 
(Goslee & Urban, 2007) adopting the ‘rank’ method. A large-scale 
MRM model was first fitted using Bray-Curtis (BC) bacterial/fun-
gal distances as response variables and Euclidean distances in 
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individual environmental variables and as predictors. In the case 
of two highly correlated variables (Pearson r > .8), only one of 
them was included in the model to avoid multicollinearity (SOM 
was omitted due to a high correlation with N and Ca due to a high 
correlation with CEC). Based on backward selection, the variables 
that did not significantly contribute to the model were sequentially 
removed leaving only those with p < .05. This was done to compre-
hensively capture the effect of the environment while accounting 
for the effect of geographical distances. To test if plant commu-
nity dissimilarities can explain any unique (non-shared) variation 
in microbial community composition, we added it to the MRM 
model with the selected environmental variables after confirm-
ing that plant community distances are not highly correlated with 
the distances of environmental variables (selected environmental 
variables for bacterial and fungal models together explained 18% 
and 47% of the variation in plant community composition, respec-
tively). Finally, we partitioned the variation explained by three 
major groups of variables in the MRM model: (i) broad-scale pre-
dictors that vary strongly across large spatial scales—atmospheric 
variables and geographic distances, (ii) regionally varying predic-
tors—soil properties and plant biomass and (iii) community predic-
tor—plant community composition (Table S2). This was done by 
examining the variance explained (R2 values) by each of the three 
groups separately in the MRM model and then calculating the 
percentage of shared variation between the groups. The variance 
partitioning results were visualized using the eulerr package in R.

To examine if the observed large-scale relationships persist at the 
regional scale, we created two environmental distance matrices (one 
for bacteria and one for fungi) using significant regionally varying 
predictors from the large-scale MRM model. The values for different 
variables were scaled and multiplied by the corresponding regression 
coefficient in the large-scale environmental MRM model (the coeffi-
cients represent the ‘strength’ of each variable as a predictor of the bac-
terial or fungal community) after which the Euclidean distance matrices 
were created using the ‘dist’ function. For 12 sites containing more than 
three plots, we used the MRM function, with the same settings as for 
the large-scale model, to examine the relationship between bacterial or 
fungal community distances and (1) environmental (Euclidean) and (2) 
plant (Bray-Curtis) distances. To assess the consistency of these rela-
tionships (environment–bacteria, plants–bacteria, environment–fungi, 
plants–fungi) across different sites, we calculated the variance of re-
gression coefficients and reported, mean R2 values and their standard 
deviations (SD). Hence, the higher and more consistent R2 values (lower 
standard deviation) and the lower variance of regression coefficients 
for different sites, the higher the consistency of relationships.

2.4.2  |  Microbial community composition at 
different regional relative productivity levels

Our within-site productivity gradients allowed us to test whether 
there are consistent differences between relatively low-produc-
tivity and relatively high-productivity grasslands regardless of 

environmental context. For this analysis, the dataset was divided 
into two subsets: two replicate plots from each site with relatively 
high biomass production (i.e. high productivity plots) and two from 
each site with relatively low biomass production (i.e. low productiv-
ity plots) so that plots with high productivity within a site had at least 
100% higher biomass than low productivity plots. Eleven sites met 
this relatively stringent productivity criterion, yielding two datasets 
each containing 22 plots (Figure S4).

The differences in bacterial and fungal abundances (number of 
gene copies), bacterial to fungal ratio and three main fungal functional 
groups at low compared to high productivity levels were analysed 
using the lme function in nlme package with ‘site’ as a random effect.

To test if bacterial and fungal communities differed significantly 
between the two productivity levels with a consistent pattern across 
different sites, we performed PERMANOVA analysis using the 
adonis function in vegan adding ‘site’ as strata to control for inherent 
community differences between sites. We used multidimensional 
scaling (MDS) ordination to visualize the BC distance in bacterial and 
fungal communities (based on OTUs) at different productivity levels 
after controlling for the effect of site (i.e. that communities come 
from 11 different sites) using the dbrda function in vegan. To examine 
if the best predictors of bacterial and fungal community composition 
differed at different productivity levels, we created MRM models as 
described above for each of the productivity levels. Furthermore, 
we examined the OTUs that are significantly related to either low 
or high productivity levels using the signassoc function (with 999 
permutations) from the indicspecies package. To avoid spurious cor-
relation and increase the power of the analyses, we included only 
bacterial and fungal OTUs appearing in more than 50% and 25% of 
plots, respectively (the threshold for bacteria is higher as many more 
bacterial OTUs were shared across the plots). Bacterial and fungal 
OTUs that were significantly associated with one of the productivity 
levels (Sidak-corrected p-values < .05) were considered as indicator 
taxa. Fungal indicator OTUs were assigned to putative functional 
groups according to FUNGuild.

We selected the 20 most abundant bacterial and fungal families 
and tested if there was a significant difference in their abundance at 
different productivity levels using the lme function in nlme package 
with ‘site’ as a random intercept term. The p values for the test were 
corrected using Benjamini-Hochberg correction and the regression 
coefficients and standard deviations were visualized along with the 
total relative abundances of families per productivity level.

3  |  RESULTS

3.1  |  Predictors of microbial community 
composition at large versus regional scale

Our results revealed that the most important predictors of large-
scale variation in bacterial community composition were soil prop-
erties (particularly soil base saturation and pH; Figure 2a; Table S3). 
Plant community composition shared much of the variation with 
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soil properties and atmospheric factors, but it still explained 5% of 
additional variation not accounted for by environmental predictors 
(Figure 2a). At the regional scale, environmental distances (com-
posed of the same soil predictors identified in the large-scale model) 
were a fairly good and consistent predictor of the regional-scale 
variation across sites (regression coefficient variance = .07; mean 
R2 = .52, SD R2 = .28) (Figure 3a; Figure S5). Plant community compo-
sition was equally strongly associated with regional variation in bac-
terial community composition for most sites (regression coefficient 
variance = .06; mean R2 = .52, SD R2 = .29) (Figure 3b; Figure S5).

The consistency between large- and regional-scale predictors was 
found for fungi as well, where the best large-scale predictor—plant 
community composition (Figure 2b)—was also associated with regional 
variation in fungal community composition for most sites (regres-
sion coefficient variance = .08; mean R2 = .47, SD R2 = .28) (Figure 3d; 
Figure S5). Plant community composition alone was a better predictor 
at the large scale than all environmental (atmospheric and soil) variables 
combined (R2 = .42 and R2 = .38, respectively) (Figure 2b, Table S4). 
Accordingly, the relationship between fungal community composi-
tion and the environmental distances was more variable from site to 
site (regression coefficient variance = .10; mean R2 = .40, SD R2 = .30) 
(Figure 3c; Figure S5). The relationships between regional geographical 
distances and bacterial/fungal distances per site are shown in Figure S6.

3.2  | Microbial community composition at different 
plant productivity levels

Bacterial and fungal community composition differed significantly 
between the two productivity levels (Figure 4) when site differences 

were accounted for (p < .001, F.model = 2.2 and 1.2, R2 = .05 and  .03, 
respectively; Table S5). This indicates that there is a common com-
munity, shared across the widely distributed sites, which can sepa-
rate regionally more and less productive grasslands. Despite these 
compositional differences, the predictors of microbial community 
composition at low and high productivity levels were similar and 
in line with the results in the previous section: base saturation was 
the most important predictor of bacterial community composition, 
whereas fungal community composition was most strongly associ-
ated with plant community composition (Table S6).

The linear mixed-effect model with ‘site’ as a random effect 
showed that total bacterial and fungal abundance (number of gene 
copies) was significantly higher in low than in high productivity plots 
(p < .05 and p < .01, respectively; Figure 4b), while fungal: bacterial 
ratio did not differ significantly (Table S7). The relative abundance of 
the main fungal functional groups (saprotrophs, pathotrophs, sym-
biotrophs), did not differ significantly between the two productivity 
levels (Table S7).

Indicator species analysis demonstrated that there were 62 
and 108 bacterial OTUs significantly associated with high and 
low productivity plots, respectively (Table S8). The most abun-
dant indicators (p < .05) of high-productivity grasslands belonged 
to the Bacilliaceae family along with the Clostridiaceae and fam-
ily ELEV-16S-1332 from the Solirubrobacterales order (Figure 5a). 
Interestingly, mixed effect models showed that the relative abun-
dance of Bacilliaceae (and the genus Bacillus), which is by far the 
most dominant family at both productivity levels, was significantly 
higher at high productivity levels (Padj. < .05), and the relative abun-
dance of family ELEV-16S-1332 was near-significantly (Padj <0.1) 
increased at high productivity levels (Figure 5b). At low productivity, 

F IGURE  2 Variance partitioning between selected variables in the large-scale model explaining (a) bacterial and (b) fungal community 
composition. The variance was partitioned between three groups of variables: (i) broad-scale predictors–climate, N deposition and 
geographical distances; (ii) regionally varying environmental predictors–soil properties and biomass and (iii) plant-community composition. 
The sizes of the bubbles correspond to the percentage of variance explained by each group (indicated by the numbers in the bubbles). 
[Colour figure can be viewed at wileyonlinelibrary.com]
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many of the highly abundant indicator OTUs came from the fam-
ilies Blastocatellaceae, Pseudonocardiaceae, Methylobacteriaceae 
and Rubrobacteraceae. Precisely, the family Rubrobacteraceae (and 
its genus Rubrobacter) was significantly enriched at low compared 
to high productivity levels along with the family 319-6 m6 from the 
Solirubrobacterales order whose members also appear as common 
indicators of low productivity grasslands (Figure 5; Table S8).

For fungi, there were 8 indicators of high and 3 indicators of 
low productivity grasslands (Table S9). The indicators of high-pro-
ductivity grasslands came from various families, four of them be-
longing to the order Hypocreales and two to the order Pleosporales 
(Figure 6a). Moreover, most of them were assigned as putative path-
otrophs (Table S9). Although none of the 20 most abundant fungal 
families was significantly different at different productivity levels, 

the families Pleosporaceae and Herpotrichiellaceae tended to be en-
riched at low productivity levels (Padj < .1; Figure 6b).

4  | DISCUSSION

Despite considerable literature describing the most important pre-
dictors of soil microbial community composition in the grassland 
biome, until now it has been unclear whether these relationships are 
strongly context-dependent or whether they truly persist across dif-
ferent spatial scales and environmental contexts. In this study, we 
show that there may be generality in the way bacterial and fungal 
communities are shaped across two different spatial scales and pro-
ductivity levels in grasslands.

F IGURE  3 Relationships between regional (within-site) environmental/plant community distances and bacterial and fungal community 
distances (a) bacterial distances vs environmental distances; (b) bacterial distances vs plant distances (c) fungal distances vs environmental 
distances; (d) fungal distances vs plant distances for 12 sites that contained more than three plots. Environmental distances are created 
from a distance matrix of scaled soil variables that were identified as important predictors in the large-scale model and multiplied by 
the regression coefficient in that model. Colours of points and corresponding regression lines correspond to 12 different sites located 
in Argentina, Austria, Canada, Germany (2 sites), Hungary, Iran, Italy, Kenya, South Africa and USA. The relationships between regional 
geographical distances and bacterial/fungal distances per site are shown in Figure S6. For complete site references, see Table S1. [Colour 
figure can be viewed at wileyonlinelibrary.com]
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4.1  | Generality in the predictors of microbial 
community composition

Our results showed that soil abiotic factors (primarily base satura-
tion and pH) are among the strongest predictors of bacterial com-
munity composition both across and within different grassland sites 
and at contrasting plant productivity levels; a finding that is con-
sistent with previous research emphasizing the importance of soil 
chemical properties (particularly pH) for continental-scale bacte-
rial community turnover (Delgado-Baquerizo et al., 2018; Fierer & 
Jackson, 2006; Lauber et al., 2009). However, within-site bacterial 
community composition was at the same time consistently associ-
ated with plant community composition for most sites. Due to the 
strong covariation of soil properties and plant communities within 

regions, it was difficult to separate their potential effects on bacte-
rial communities. Moreover, a validation with data not included in 
the study could strengthen our general findings of the congruence 
between the large-scale and regional-scale predictors. Fungal com-
munities were fairly strongly correlated with climatic variables such 
as mean annual temperature and atmospheric N deposition at the 
global scale as demonstrated in other large-scale studies (Prober 
et al., 2015; Tedersoo et al., 2014). Yet, contrary to the findings 
of Tedersoo et al. (2014), that climate and edaphic factors are the 
strongest predictors of global fungal community composition across 
different biomes, we demonstrate that plant community compo-
sition was by far the best predictor of large-scale as well as the 
regional-scale patterns in grassland fungal communities. The rela-
tionship with soil abiotic factors was weaker at the large scale and 

F IGURE  4 Partial MDS ordination showing (a) bacterial and fungal Bray-Curtis distances based on the relative abundances of OTUs 
(partialling out the effect of the site differences), coloured according to the productivity level of the sampling plots. (b) Boxplots showing 
bacterial and fungal abundance (number of gene copies) at high and low productivity levels. Significant differences based on the mixed-
effect model with ‘site’ as a random intercept are shown with *p < .05 and **p < .01. [Colour figure can be viewed at wileyonlinelibrary.com]
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F IGURE  5 (a) The coefficients and standard deviations of the mixed effect models (site as a random effect) examining the difference 
between the relative abundance of bacterial families at low and high productivity (left) and the overall abundance of these families at 
each productivity level (right). The 20 most abundant known bacterial families were examined. Correction of p values for multiple testing 
was done using BH; *p < .05, .p < .1. (b) Indicator bacterial taxa (orders and families of indicator OTUs) and their log-transformed mean 
abundances (along with standard errors) for high and low productivity levels. Only 50 most abundant indicator OTUs with known families 
were shown. [Colour figure can be viewed at wileyonlinelibrary.com]

F IGURE  6 (a) The coefficients and standard deviations of the mixed effect models (site as a random effect) examining the difference 
between the relative abundance of fungal families at low and high productivity (left) and the overall abundance of these families at each 
productivity level (right). Twenty most abundant known fungal families were examined. Correction of p values for multiple testing was done 
using BH; .p < .1. (b) Indicator fungal taxa (orders and families of indicator OTUs) and their log-transformed mean abundances (along with 
standard errors) for high and low productivity levels. [Colour figure can be viewed at wileyonlinelibrary.com]
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agreed less between different sites. Plant community composition 
can thus predict both bacterial and fungal community composition 
within and across different grassland regions, whereas soil chemi-
cal properties might be stronger predictors of large-scale variation 
in bacterial communities. A clear link between plant and microbial 
community composition was found even though plants and soil were 
sampled in different years, implying that the strength of this associa-
tion might even be somewhat underestimated in our study.

While the strong relationships between grassland plant and mi-
crobial, particularly fungal, community composition have previously 
been documented (Chalmandrier et al., 2019; Prober et al., 2015), the 
consistency of these relationships across different grasslands found 
in our study provides evidence that they are not just a matter of co-
incident spatial community turnover between microbes and plants. 
Instead, they are likely a result of similar environmental factors 
structuring plant and microbial communities, plant-microbe inter-
actions, or both. Local experiments have shown that plant-microbe 
feedbacks play a central role both in microbial and plant community 
assembly processes (Radujković et al., 2020; Wubs et al., 2019). In 
such feedbacks, plant communities affect soil microorganisms both 
directly by providing a diverse set of hosts for mutualistic and an-
tagonistic microorganisms and indirectly by altering edaphic factors 
and providing different quantity and quality of root exudates and 
litter (Berg & Smalla, 2009; van der Heijden et al., 2008), where 
changes in microbial community composition in turn feedback to 
influence plant communities (van der Putten et al., 2016). While the 
data for the large-scale and within-site plant-microbe relationships 
in this study would ideally be independent, our research conclu-
sively demonstrates that plant community composition (1) explained 
additional variation on top of all environmental factors across sites 
and (2) was a rather consistent predictor of both bacterial and fun-
gal communities within most sites. These findings provide the sup-
port that plant-microbe feedbacks are indeed important factors in 
shaping bacterial and fungal community composition in grasslands 
across large and regional scales. It is possible, however, that these 
plant-microbial relationships are much weaker at small scales, for ex-
ample within the plots as shown by Chalmandrier et al. (2019) where 
predictability of microbial communities might decrease (Averill 
et al., 2021).

4.2  | Universal link between plant productivity and 
soil microbial community composition

Bacterial and fungal community compositions were found to be 
more similar within low and high-productivity grasslands than be-
tween them when site-specific differences were accounted for. This 
suggests that plant productivity and/or the myriad of factors related 
to it (including soil properties, soil fertility, plant diversity and plant–
soil interactions (Delgado-Baquerizo et al., 2017; Guerrero-Ramírez 
et al., 2019)), select for some of the same microbial taxa regardless 
of differences in climate and grassland type. Alternatively, these mi-
crobial taxa might be in part responsible for modulating plant pro-
ductivity across different grasslands (van der Heijden et al., 2008). A 

link between bacterial taxa and plant productivity across contrasting 
biomes worldwide (forests, shrublands, grasslands) has previously 
been reported (Delgado-Baquerizo et al., 2018), where particular 
groups of globally dominant soil bacteria with a preference for low-
productive sites were identified. Here, we show that similar conclu-
sions hold for bacterial and fungal taxa even within the grassland 
biome, where differences in plant productivity are much smaller 
than across contrasting biomes.

The relative abundances of the three dominant fungal functional 
groups (saprotrophs, symbiotrophs and pathotrophs) did not differ 
significantly between productivity levels but total fungal abundance 
was significantly higher at low compared to high-productivity soils. 
Higher fungal abundance is common in less fertile soils (Bardgett & 
McAlister, 1999; Innes et al., 2004) where fungi are favoured over 
bacteria as the predominant decomposers due to the higher recalci-
trance of plant litter and their generally more resource-conservative 
lifestyles (Marschner et al., 2011). Moreover, plant reliance upon, 
and allocation to AMF is often higher in less fertile soils to secure 
P, N and other nutrients (Ven et al., 2019; Verbruggen et al., 2013). 
Surprisingly, in our study, bacterial abundance also increased slightly 
but significantly in low-productivity grasslands leading to no sig-
nificant difference in fungal to bacterial ratio. It is possible that in 
low-productive grasslands there is an increase in oligotrophic bacte-
ria capable of thriving under low resource conditions, compensating 
for the supposed decrease in copiotrophs relative to fungi.

There were 170 bacterial taxa identified as indicators of high and 
low-productivity soils. Specifically, the family Bacilliaceae and genus 
Bacillus, which were the most dominant family and genus in our grass-
land soils, (1) were significantly enriched at high productivity levels 
and (2) contained the most abundant indicator OTU of high-pro-
ductivity grasslands. These findings demonstrate that members of 
the Bacillus genus could be reliable indicators of high-productivity 
soils across different grassland types. Members of this genus are 
well known as plant growth-promoting bacteria that can stimulate 
plant productivity by: releasing different volatile organic compounds 
that upregulate photosynthetic activity, reducing abiotic and biotic 
stress (biocontrol of plant pathogens), improving carbon seques-
tration processes, helping plants to acquire nutrients, for example 
thanks to their capacity to fixate N from the air (Gurikar et al., 2022; 
Mahapatra et al., 2022; Saxena et al., 2020). Clostridiaceae, whose 
members were also found to be abundant indicators of high pro-
ductivity, is another family that contains taxa known to promote 
plant growth and perform N fixation under anaerobic conditions 
(Kennedy et al., 2004). Besides them, the members of family Elev-
16S-1332 from Solirubrobacterlaes order were notably enriched 
at high productivity soils which is in line with the previous findings 
showing that this family is related to the high-yield production sys-
tem in a maize field (Yu et al., 2022). On the other hand, the fam-
ily Rubrobacteraceae and its genus Rubrobacter were significantly 
enriched in low-productive soil with several members that were 
among the most abundant indicators of this productivity level. 
Rubrobacteraceae are highly desiccation-tolerant bacteria that have 
been shown to maintain a high intracellular concentration of osmo-
protectants (Meier et al., 2021) and they could help plants to survive 
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during low water levels in the soil. Such dry conditions are relatively 
common in our set of low-productive grasslands, which predomi-
nantly have sandy soils with poor water-holding capacity. Another 
family with increased abundance in low-productive soils and that 
contained multiple indicator taxa of such soils is Blastocatellaceae, 
whose members were typically discovered in dry, sandy soils de-
pleted in nutrients (Huber et al., 2017; Ivanova et al., 2020). Family 
0319.6 M6 belonging to the order Solirubrobacterales is another 
potentially important indicator of low-productive grasslands, but 
currently not much is known about the ecology of members of this 
family.

Compared to bacteria, only a few fungal indicator taxa were 
identified, particularly in low-productivity grasslands. Therefore 
although we observed a clear response of the entire fungal commu-
nity composition to different productivity levels, these effects may 
not be strong or consistent enough to be detected with indicator 
species analysis. The indicators of high-productive soils belonged 
to several different families but almost all of them were classi-
fied as pathotrophs including putative plant pathogens from the 
Hypocreales order. Plant pathogens often thrive under conditions 
of high productivity (Reynolds et al., 2003), and our result suggests 
that some of them (such as members of the Hypocreales order) are 
shared across different high-productive grasslands. Among signifi-
cant fungal indicators of low-productive grasslands, we found the 
arbuscular mycorrhizal genus Glomus. AMF are known to be fairly 
cosmopolitan (Davison et al., 2015), and to improve plant growth 
in mycorrhizal symbiosis. They often decline with fertilization, 
particularly P (e.g. Lekberg et al. (2021)), which is especially true 
for those that predominate in grassland ecosystems (Verbruggen 
et al., 2015).

5  |  CONCLUSION

Several studies have argued that there are few general drivers of 
microbial community composition due to high levels of context 
dependency. If estimates derived from one system or spatial scale 
cannot be extrapolated to another, it is challenging to predict the 
effects of altered environmental conditions on soil microbial com-
munities and the functions they perform. Our findings provide 
among the strongest evidence to date that the main factors that 
predict overall microbial (bacterial and fungal) community composi-
tion in grasslands are rather consistent, regardless of spatial scale, 
productivity or climatic conditions. Moreover, particular regional 
plant productivity levels (low vs. high) are typified by relatively simi-
lar soil microbial communities across the grassland biome and are 
distinguishable by that characteristic. Particularly important bac-
terial indicators of high- and low- and low-productivity grasslands 
were members of the genera Bacillus and Rubrobacter, respectively. 
These results suggest that modelling soil microbial community com-
position under environmental changes or using generally applicable 
microbial indicators to discriminate fertile from infertile systems, 
are feasible tasks.
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