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Abstract
Microbial communities in agricultural soils are fundamental for plant growth and in vineyard ecosystems contribute to 
defining regional wine quality. Managing soil microbes towards beneficial outcomes requires knowledge of how community 
assembly processes vary across taxonomic groups, spatial scales, and through time. However, our understanding of microbial 
assembly remains limited. To quantify the contributions of stochastic and deterministic processes to bacterial and fungal 
assembly across spatial scales and through time, we used 16 s rRNA gene and ITS sequencing in the soil of an emblematic 
wine-growing region of Italy.
Combining null- and neutral-modelling, we found that assembly processes were consistent through time, but bacteria and 
fungi were governed by different processes. At the within-vineyard scale, deterministic selection and homogenising dispersal 
dominated bacterial assembly, while neither selection nor dispersal had clear influence over fungal assembly. At the among-
vineyard scale, the influence of dispersal limitation increased for both taxonomic groups, but its contribution was much 
larger for fungal communities. These null-model-based inferences were supported by neutral modelling, which estimated a 
dispersal rate almost two orders-of-magnitude lower for fungi than bacteria.
This indicates that while stochastic processes are important for fungal assembly, bacteria were more influenced by deter-
ministic selection imposed by the biotic and/or abiotic environment. Managing microbes in vineyard soils could thus benefit 
from strategies that account for dispersal limitation of fungi and the importance of environmental conditions for bacteria. 
Our results are consistent with theoretical expectations whereby larger individual size and smaller populations can lead to 
higher levels of stochasticity.
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Introduction

Soil microbiomes are among the most biodiverse compo-
nents of all ecosystems, with diversity ranging from thou-
sands to millions of ‘species’ in typical soil samples [1]. 
Recent estimates indicate that microbes represent ~ 90% 
of below-ground biomass globally [2], providing essential 

ecosystem functions and services, including carbon seques-
tration [3, 4] and nutrient cycling as well as directly and 
indirectly influencing plant and animal health, including 
humans [5]. The development of molecular approaches 
has fostered a significant leap in our understanding of soil 
microbiome composition and functions, revealing how they 
promote plant growth and increase plant resistance towards 
pathogens and abiotic stress [6].

Understanding the ecology of microbiomes in agricultural 
systems is particularly important because that knowledge 
can be used to manipulate soils towards beneficial outcomes. 
However, most studies on agricultural microbiomes focus on 
assessing biodiversity and community composition [7–9], 
rather than the assembly mechanisms that govern microbi-
ome variation [10]. A better understanding of the mecha-
nisms driving crop-associated microbiome assembly could 
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be used to design new manipulation strategies based on 
altering both dispersal-based and selection-based processes.

Research on community assembly has emphasised a dis-
tinction between deterministic selective processes and sto-
chastic non-selective processes [11]. The first are primarily 
tied to the fitness differences among species and include 
environmental filtering and biotic interactions such as preda-
tion and competition. The second include mechanisms that 
drive variation across communities independently from spe-
cies differences, such as ecological drift, probabilistic dis-
persal, as well as local extinctions and colonisations. These 
two opposing processes, often referred to as ‘niche’ and 
‘neutral’ respectively, operate simultaneously in ecologi-
cal communities [12, 13], but their relative influences may 
depend on spatial scale, environmental heterogeneity, and 
species dispersal ability [14–16].

Studying agricultural microbiome assembly in terms of 
stochastic and deterministic processes provides a robust the-
oretical framework that has been applied broadly to microor-
ganisms [17]. For example, the balance between stochastic 
and deterministic processes has been shown to vary over soil 
depth gradients and with the intensity of land use [18–20] 
as well as across spatial scales [21]. In addition to varying 
across physical gradients, assembly processes are also likely 
to vary across co-occurring microbial groups. In particular, 
the two dominant components of the soil microbiota, namely 
bacteria and fungi, display markedly different ecological 
traits, diversity, and dispersal ability. In turn, bacterial and 
fungal communities are likely influenced by distinct assem-
bly mechanisms [20, 22].

Knowledge of the relative contributions of different 
assembly processes is important both for fundamental under-
standing and also practical management of agriculture soil 
microbiomes. For example, the degree to which determin-
istic selection or dispersal limitation influence soil micro-
bial communities can determine the success of management 
strategies with respect to environmental manipulation or 
inoculum transplants across locations [1, 23]. Knowledge 
of assembly processes is particularly important for viticul-
ture and wine production, where the fermentation process 
and both the quality and flavour of wine strongly depend on 
microbial activity from the vineyard to the winery [24]. Fur-
thermore, the soil microbiome is considered the key natu-
ral source of grape- and must-associate microbiota [25, 26] 
and consistent biogeographic differences in soil and climate 
contribute to regional wine characteristics via the so-called 
‘microbial terroir’ [8, 25]. To use knowledge of assembly 
processes towards viticulture (or other agricultural) appli-
cations requires theoretical coherence in our understanding 
such that knowledge may become transferable from one sys-
tem to another. This is currently challenging in viticulture 
systems. For example, studies assessing microbial assembly 
processes in vineyard systems have highlighted that while 

the influence of spatial, dispersal-related processes can be 
significant even at local scales (2 km), the effect of deter-
ministic niche selection can be dominant [10, 27]. In addi-
tion, regional patterns in microbial ecology can correlate 
with wine metabolites [28], but the main scale of variation 
in microbiomes appears context-dependent. The degree to 
which inter-vineyard variation compares to intra-vineyard 
variation and how spatial variation compares to temporal 
variation also remains unclear [8, 25, 27, 29].

Our aim here is to advance understanding of microbiome 
assembly processes both for fundamental understanding and 
for application to viticulture systems, with an emphasis on 
variation in assembly processes across environments, spatial 
scales, time, and microbial groups. We used 16S rRNA gene 
and ITS sequencing in soil samples across ten vineyards 
from four locations within Trentino, an emblematic wine-
growing region in north-east Italy. We consider this system 
both as a model system for perennial crops within heteroge-
neous landscapes and as a viticulture-specific system with 
high regional relevance. Within each vineyard, replicates 
from both permanent crop areas and adjacent grasslands 
were sampled for two consecutive seasons. This multiscale 
design allowed us to examine the degree to which selective 
and stochastic processes influenced microbiome variation 
within and among vineyards and its consistency between 
years. To this end, we employed analytical approaches based 
on null-models of phylogenetic distances between commu-
nities, as well as neutral models describing the theoretical 
relation between taxa abundance and occurrence in the meta-
community under neutral dynamics.

A previous study on the same system found that taxo-
nomic diversity was not correlated between bacteria and 
fungi [9], suggesting that distinct assembly mechanisms may 
be operating. Given their larger body size and smaller prop-
agule pressure, fungal assemblages were expected to display 
stronger dispersal limitation and a higher degree of stochas-
tic assembly than bacteria [20, 30, 31]. As a consequence, 
we also expected fungal communities to display stronger 
year-to-year dynamics. Conversely, bacteria are less disper-
sal-limited while also displaying high abundances. This is 
expected to allow bacteria to better colonise and establish 
populations across a range of conditions and thus increase 
the influence of deterministic selection.

Materials and Methods

Sample Collection

The sampling sites included 10 vineyards from four differ-
ent locations (Ala, Besagno, Mori and S. Felice) within the 
Trentino Province. The study area covers c.150km2, over 
an elevation ranging 400–590 m a.s.l., and with maximum 
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distance between locations not exceeding 15 km (Fig. S1). 
In each vineyard, soil samples were extracted from two land-
use types, the perennial crop-covered surface (between vine-
yard rows, about 1 m from the vine plants) and the adjacent 
grassland areas at a distance of 8–16 m from the border of 
the vineyard. Sampling was conducted for two consecutive 
years (2017 and 2018) in May. For each position (each land-
use type), 6 equally spaced (~ 3 m) sampling replicates were 
performed, for a total of 180 samples for each sampling year. 
The dominant grass species in crop sites were species of 
the Poaceae family, while grassland sites were dominated 
by Arrhenatherum elatius, Bromus erectus and Trisetum 
flavescens. Three different varieties are grown across the 
vineyards, including Chardonnay, Pinot Grigio and Müller-
Thurgau. Because vineyard location had a stronger influence 
on microbial composition than grape variety, and different 
varieties were present within locations, we did not consider 
the effect of variety any further in our multi-scale assess-
ment of assembly processes (Fig. S2).

Site coordinates and technical characteristics of the vine-
yards (planting year, previous crop) are presented in [9]. 
All samples had a similar range of soil abiotic variables, 
especially soil texture (loam, sandy clay loam, sandy loam 
and silty loam, Fig. S3). Quantity of soil organic matter 
(SOM), total nitrogen, total carbonate, and heavy metals for 
both vineyard and grassland samples are reported in Tab. S1 
and S2. Climate is typical for the Mediterranean Alps, with 
warm summers and precipitation concentrated in the winter 
months. Main climatic variables, including air temperature 
and humidity, were similar across locations and are reported 
in Tab. S3.

Samplings were executed collecting 20 cm of soil by 
means of a manual, one-piece, and 7-cm diameter drill for 
loamy soils (Eijkelkamp, Edelman model). For chemical 
analysis and for taxonomic purposes the first 5 cm of soil 
were discarded. Each sample consisted of 4 drillings that 
were homogenised in a plastic bag. From each bag, a small 
volume of soil was collected in a 50-ml tube and chilled 
to 6/8 °C during the sampling time after which they were 
frozen at − 18 °C until sequencing.

DNA Extraction, Library Preparation, 
and Sequencing

The soil samples were frozen, dried and sieved with a 0.2-
mm mesh size and stored at − 80 °C until DNA extraction. 
The total DNA was extracted from 0.25 g of each composite 
soil sample using the PowerSoil DNA isolation kit (MO BIO 
Laboratories Inc., CA, USA) according to the manufactur-
er’s instructions. Total genomic DNA was amplified using 
primers specific to either the bacterial and archaeal 16S 
rRNA gene or the fungal ITS1 region. The specific bacte-
rial primer set 515F (5’-GTG​YCA​GCMGCC​GCG​GTAA-3’) 

and the 806R (5’-GGA​CTA​CNVGGG​TWT​CTAAT-3’) was 
used [32] with degenerate bases as suggested [33, 34].

Although no approach based on PCR amplification is 
free from bias, this primer pair has been shown to guarantee 
good coverage of known bacterial and archaeal taxa. For 
simplicity, in the text, we refer to these groups as bacteria 
to distinguish them from fungi. In the figures, however, we 
specify ‘Bacteria & Archea’. For the identification of fungi, 
the internal transcribed spacer 1 (ITS1) was amplified using 
the primer ITS1F (5’-CTT​GGT​CAT​TTA​GAG​GAA​GTAA-
3’) [35] and ITS2 (5’-GCT​GCG​TTC​TTC​ATC​GAT​GC-3’) 
[36]. All the primers included the specific overhang Illumina 
adapters for the amplicon library construction.

For the 16S V4 region, each sample was amplified by 
PCR using a 25-µl reaction with 1 µM of each primer. More 
in detail, 12.5 µl of 2 × KAPA HiFi HotStart ReadyMix and 
10 ul forward and reverse primers were used in combination 
with 2.5 µl of template DNA (5–20 ng/µl). PCR reactions 
were executed by GeneAmp PCR System 9700 (Thermo 
Fisher Scientific) and the following cycling conditions: ini-
tial denaturation step at 95 °C for 5 min (one cycle); 28 
cycles at 95 °C for 30 s, 55 °C for 30 s, 72 °C for 30 s; final 
extension step at 72 °C for 5 min (1 cycle).

For the ITS1 region, each sample was amplified by PCR 
using a 25-ul reaction with 10 µM of each primer. More in 
detail, 22 µl of premix FastStart High Fidelity PCR System 
(Roche) and 2 µl forward and reverse primers were used in 
combination with 1 µl of template DNA (5–20 ng/µl). PCR 
reactions were executed by GeneAmp PCR System 9700 
(Thermo Fisher Scientific) and the following cycling condi-
tions: initial denaturation step at 95 °C for 3 min (one cycle); 
30 cycles at 95 °C for 20 s, 50 °C for 45 s, 72 °C for 90 s; 
and final extension step at 72 °C for 10 min (1 cycle).

The amplification products were checked on 1.5% agarose 
gel and purified using the Agencourt AMPure XP system 
(Beckman Coulter, Brea, CA, USA), following the manu-
facturer’s instructions. Afterward, a second PCR was used 
to apply dual indices and Illumina sequencing adapters 
Nextera XT Index Primer (Illumina), by 7 cycles PCR (16S 
Metagenomic Sequencing Library Preparation, Illumina). 
The amplicon libraries were purified using Agencourtusing 
the Agencourt AMPure XP system (Beckman), and the qual-
ity control was performed on a Tapestation 2200 platform 
(Agilent Technologies, Santa Clara, CA, USA). Finally, all 
barcoded libraries were pooled in an equimolar way and 
sequenced on an Illumina® MiSeq (PE300) platform (MiSeq 
Control Software 2.5.0.5 and Real-Time Analysis software 
1.18.54.0).

Soil samples from 2017 and 2018 were sequenced in dif-
ferent times in several sequencing runs. To estimate potential 
batch effects, we resequenced 10 samples from 2017 and 10 
from 2018, one for each vineyard, in a single sequencing 
run (‘control run’). Compositional distances between these 
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control runs were always much smaller than the minimum 
distance between adjacent sample replicates, indicating that 
any batch effect is unlikely to influence our results and con-
clusions (Fig. S4).

Bioinformatic Processing

The sequences were assigned to samples using sample-
specific barcodes and saved in FASTQ-formatted files. Raw 
data FASTQ files were analysed using the software pipeline 
MICCA [37] v. 1.7.2.

Raw overlapping 16S paired-end reads were assembled 
(merged) using the procedure described in [38]. Paired-end 
reads with an overlap length smaller than 200 bp and with 
more than 50 mismatches were discarded. After trimming 
forward and reverse primers, merged reads shorter than 
250 bp and with an expected error rate higher than 0.5% 
were removed.

Filtered sequences were clustered into sequence variants 
(SVs) using the UNOISE3 denoising algorithm available 
in MICCA. OTUs were taxonomically classified using the 
Ribosomal Database Project (RDP) Classifier [39] v2.11. 
Multiple sequence alignment (MSA) was performed on the 
denoised reads applying the Nearest Alignment Space Ter-
mination (NAST) [37, 40] algorithm and the phylogenetic 
tree was inferred using FastTree [41] v2.1.8.

Raw overlapping ITS paired-end reads were merged 
and merged sequences with an overlap length smaller than 
100 bp and with more than 32 mismatches were discarded. 
After primers trimming, merged reads shorter than 150 bp 
and with an expected error rate higher than 0.5% were 
removed. Filtered sequences were clustered into SVs using 
the UNOISE3 denoising algorithm and SVs were taxo-
nomically classified using the RDP Classifier v2.11 and the 
UNITE [42] database. To compensate for different sequenc-
ing depths, samples were rarefied to an even depth of 15,000 
reads for both 16S and ITS sequences. Samples with less 
than the minimum number of reads were discarded.

Statistical Analysis

Abiotic Variables

The main spatial and temporal patterns in soil abiotic vari-
ables were visualised using Principal Component Analysis 
(PCA). The BIOENV procedure [43] was used to subset 
the combination of soil variables whose Euclidean distances 
showed maximum (rank) correlation with community dis-
similarity each year (Bray–Curtis distance). The influence of 
these variables on microbial composition was further exam-
ined and visualised with distance-based redundancy analysis 
(db-RDA; [44]. These exploratory analyses were primarily 
used to examine the consistency of environmental effects 

across years. A detailed assessment of the effects of soil 
properties on microbial diversity is given in Coller et al. [9].

Diversity

Microbial α-diversity was expressed as taxonomic richness 
(number of SVs observed after rarefaction) and Hill-Simp-
son diversity of order q = 2, which emphasises the contribu-
tion of abundant taxa [45].

Compositional variation between samples was expressed 
as Bray–Curtis dissimilarity using log-transformed abun-
dances. Variation was then compared over multiple spatial 
scales, that is, between local replicates, land-uses (i.e., crop-
land vs grassland), vineyards and locations. Dissimilarity 
between years was also quantified. Each comparison was 
calculated by first fixing the other scale. For instance, varia-
tion among replicates only included samples within the same 
land-use, same year, vineyard and location. Similarly, vari-
ation among vineyards included samples within the same 
year, land-uses and location. Therefore, each comparison 
exclusively quantified compositional variation at one spatio-
temporal scale.

To further quantify year-to-year changes in composition, 
we calculated the shift in rank position between years for 
each taxa (for taxa observed in both years) using the rank_
shift function from codyn package [46]. Rank shift was 
then expressed as percentage change.

Null‑Model of Phylogenetic and Taxonomic β‑diversities

To estimate the contribution of different assembly mecha-
nisms to metacommunity assembly, we used the null-mod-
elling framework originally developed by Stegen et al. [47]. 
The approach integrates abundance-based null-models of 
phylogenetic and taxonomic β-diversities to classify pairs 
of assemblages based on the contribution of deterministic 
and stochastic processes. Phylogenetic β-diversity was cal-
culated as the β-NTI (beta nearest-taxon index). This index 
quantifies the degree to which the β-mean-nearest taxon 
distance (β-MNTD) deviates from null expectations based 
on 999 random shuffles of SVs across the tip of the phylo-
genetic tree. Therefore, the β-NTI controls for the observed 
taxonomic β-diversity and was used to determine whether 
communities were shaped by deterministic or stochastic pro-
cesses. In particular, values of |β-NTI|> 2 indicates deter-
ministic selection which is then partitioned into variable 
(β-NTI > 2,communities phylogenetically more dissimilar 
than expected) and homogenous (β-NTI < 2; phylogeneti-
cally more similar) selection. The remaining community 
pairs with |β-NTI|< 2 were considered primarily regulated 
by stochastic processes. Raup-Crick-based Bray–Curtis 
(RCbray) was then used to further classify the stochastic frac-
tion. Briefly, RCbray was calculated by reassembling local 
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communities probabilistically, accounting for the relative 
abundance and occurrence of each SVs. The procedure was 
repeated 999 times, while maintaining the observed richness 
and number of counts in each community. From these 999 
simulations, the null distribution of Bray–Curtis distance 
was derived for each community pair; finally, the distance 
between the empirically observed Bray–Curtis and null 
distribution was standardised between − 1 and 1 [47, 48]. 
Values of RCbray < 0.95 indicate communities influenced by 
homogenising dispersal (taxonomically more similar than 
expected), while dispersal limitation (combined with drift) 
results in RCbray > 0.95 (taxonomically less similar than 
expected). Values of |RCbray|< 0.95 indicates that no particu-
lar assembly process dominates (defined as undominated). 
The null models were run using the algorithms implemented 
in the iCAMP package [49]. In line with previous works, 
and for computational purposes, we included the 3000 most 
abundant bacterial and fungal SVs in the null-modelling 
framework [47, 50].

Assessing community assembly using phylogenetic null-
models assumes that phylogenetic distance between species 
reflects their niche differences (i.e. phylogenetic signal). 
We examined phylogenetic signals by plotting mantel cor-
relograms between species phylogenetic distances and niche 
distances based on different soil physico-chemical param-
eters. Niche distances between species were expressed as the 
absolute difference in niche value, defined as the abundance-
weighted mean of the environmental parameters where the 
species was present [51].

Neutral Model

To further appraise the overall importance of neutral dynam-
ics in structuring bacterial and fungal communities, we used 
Sloan’s modelling framework, which assumes no fitness dif-
ferences among taxa and ignores their phylogenetic rela-
tionships, but seeks to fit SVs frequency of occurrence as a 
function of their relative abundance in the metacommunity. 
The probability density function that describes the theoreti-
cal relationship between taxa abundance and occurrence has 
the form of a beta distribution with a single-free parameter 
[52]. This parameter, called m, represents an estimate of 
OTUs migration rate within the metacommunity. It thus 
reflects the probability that a loss of one cell (an individual) 
in a local community is replaced through dispersal from the 
metacommunity. Lower m values indicates higher dispersal 
limitation. The fit of Sloan’s neutral model was compared to 
that obtained from a binomial model, which represents the 
case where local communities are a random subset of the 
metacommunity in the absence of dispersal limitation [52, 
53]. The neutral model was fitted using the snm function in 
the iCAMP package.

Nice Breadth

We also calculated species niche breadth using Levin’s 
index [54] via the niche.width function in the spaa 
package:

where Bj is the niche breadth value of species j and pj is the 
proportion of species j in each community. Levin’s niche 
breadth does not explicitly include environmental param-
eters and represents a measure of the diversity of communi-
ties in which the species is observed.

Results

After preprocessing and filtering, we obtained 10,924,706 
16S V4 and 14,672,492 ITS1 sequences, which were 
denoised into 30,869 sequence variants (SVs) for bacte-
ria and 14,099 SVs for fungi. The samples were rarified 
to 15,000 reads per samples both for bacteria and fungi, 
obtaining a dataset of 5,220,000 reads and 30,815 SVs 
from 348 samples for 16S, and 5,115,000 reads and 14,021 
SVs from 341 samples for ITS. After excluding samples 
for which only 1 year of data was available, the final data-
set included 308 samples from both bacteria and fungi.

No Change in Soil Parameters Between Years

The first two axes of the PCA of soil abiotic variables 
accounted for more than 50% of variation (Fig. S5). The 
first axis represented a gradient of soil organic and nitro-
gen content, while the second axis separated sandy soils 
from wetter soils rich in silt. Although 2018 was more 
wet than 2017 in terms of accumulated rain (Fig. S6), no 
apparent changes were evident in soil physical–chemical 
properties across years (permanova R2 = 0.0003; NS).

As observed in previous works, soil chemistry exerted 
the strongest influence on both fungal and bacterial com-
position. The BIOENV procedure identified, for both 
years, the most important variables, which explained less 
than 10% of compositional variation in both taxonomic 
groups according to db-RDA (Fig. S7). For bacteria, the 
five most important variables consistently included silt and 
clay content, pH, Cu and Pb. For fungi, selected variables 
changed slightly between years, but similarly included silt, 
clay and organic matter content, pH, Cu and Pb.

Bj = 1∕
∑

p2
j
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Bacteria Display Higher α‑Diversity than Fungi 
and more Stable Composition Between Years

Overall richness was almost an order of magnitude higher 
for bacteria than for fungi. Bacterial richness increases 
slightly in 2018 in all locations, although this was mostly 
due to an increase in rare species, as indicated by the con-
comitant decline in Hill-Simpson diversity (Fig. 1). Con-
versely, while fungal richness appeared relatively stable 
across years, apart from an evident increase in the location 
of Ala, Hill-Simpson diversity increased substantially in 
most locations, indicating an increase in the proportion of 
locally common taxa in 2018.

The overall shift in the relative abundance between 
years was larger for fungi than bacteria, with a mean rank 
shift (see the ‘Methods’ section) of taxa of about 20% 
compared to 11% for bacteria. This is visible in Fig. S8 
where the relative abundance of the same genera is com-
pared across each sample between years, showing a larger 
scatter for fungi.

The two groups also showed distinct temporal turnover 
dynamics. In particular, temporal turnover in fungal assem-
blages involved taxa with relatively high local abundances 
i.e. taxa that in a given location were only observed in one 
of the 2 years showed relatively high abundances, similar to 
the abundance of core taxa present in both years. This was in 
contrast to what was observed in bacteria, where taxa unique 
to a given year were relatively rare (Fig. S9).

Little Coherence in Beta‑diversity Between Bacteria 
and Fungi

We then examined compositional variation in bacterial and 
fungal communities between sample pairs across the spatial 
and temporal scales of the study, namely between replicates, 
land-uses, vineyards, locations and between years. Each 
comparison was calculated by first fixing the other scales 
(see the ‘Methods’ section).

Overall, bacteria and fungi displayed similar scaling pat-
terns, although compositional variation between pairs of 
samples was consistently higher for fungi (Fig. 2A). Pat-
terns were similar when compositional variation was based 
on Jaccard incidence data, indicating that effects were not 
only due to differences in relative abundances (Fig. S10). As 
expected, the smallest variation was observed between adja-
cent replicates within vineyards and land-use type, immedi-
ately followed by variation between years. This indicates that 
temporal variation in composition was only slightly larger 
than variation among local replicates. Compositional vari-
ation increased progressively when soil communities were 
compared across different land-uses, different vineyards and 
locations, in line with the increasing spatial scale.

However, we observed little coherence in pairwise vari-
ation between bacteria and fungi (Fig. 2B). That is, for a 
given comparison between samples, large compositional var-
iation in bacterial communities was not paralleled by simi-
larly large variation in fungi, and vice-versa. Coherence was 

Fig. 1   Taxonomic richness and 
Hill-Simpson diversity (Hill 
diversity of order q = 2) for 
bacteria & archea and fungi 
over the 2 years of study in the 
four vineyard locations (Ala, 
Besenello, Mori, San Felice)
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especially low at smaller spatial scales and increased slightly 
at the larger, among-location scales (i.e. relationship became 
increasingly positive). This suggests that the two taxonomic 
groups were likely regulated by distinct assembly processes.

Bacteria and Fungi Show Distinct but Temporally 
Consistent Assembly Mechanisms

We estimated the contribution of different mechanisms to the 
assembly of the soil microbiome and to what extent these 
mechanisms could explain the higher taxonomic variability 
of fungal communities relative to bacteria.

We used Mantel correlograms to measure the correla-
tions between phylogenetic distance and niche distances 
based on soil abiotic variables (Fig. S11). The correla-
tion was significant for several soil physical and chemical 
properties, and the signal was stronger at short phyloge-
netic distances, as also observed elsewhere [47, 55, 56]. 
This suggested quantifying phylogenetic turnover would 
be most robust using β-NTI (beta nearest-taxon index), a 
metric based on distances among close relatives. To esti-
mate the contribution of different mechanisms to meta-
community assembly at different spatial scales, we used 
a modelling framework that integrates abundance-based 
null-models of phylogenetic β-diversities (standardised 

β-NTI) and taxonomic β-diversities (Bray–Curtis based 
Raup-Crick dissimilarity; RCbray). Using this approach, 
the observed differences between pairs of samples across 
spatial and temporal scales were classified as dominated 
by selection (variable or homogenous), dispersal limita-
tion (combined with drift), homogenising dispersal and 
undominated (see the ‘Methods’ section).

Overall, we found that bacterial and fungal communi-
ties were indeed regulated by different assembly processes, 
which were consistent over the 2 years of observation. 
However, the two taxonomic groups also showed some 
coherent responses to the varying spatial scale (Fig. 3). 
For bacteria, homogenising dispersal and variable selec-
tion dominated at the small between-replicates scale, 
while the importance of dispersal limitation increased and 
became prevalent at the larger between-locations scale. 
Similarly, the influence of dispersal limitation also grew 
with increasing spatial scale for fungi, although its overall 
contribution was clearly stronger than for bacteria at all 
scales. No particular assembly process dominated fungal 
assembly at the between-replicates scale. In both taxo-
nomic groups the contribution of homogenising dispersal 
declined with increasing scale of comparison, albeit this 
was far more evident for bacteria. Overall, the contribution 
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is calculated by first ‘fixing’ the other scales. B Relationship between 
fungal and bacterial pairwise Bray–Curtis distances for each scale of 
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of stochastic processes was larger for fungi (ranging 
84–94% across scales) than for bacteria (ranging 45–85%).

We further estimated the overall contribution of neutral 
dynamics to microbial assembly using Sloan’s neutral mod-
elling framework, which assumes that each local community 
is in contact with a reservoir from which taxa can immigrate 
with a single taxon- and site-independent migration rate 
m. In this framework, a lower value of m corresponds to a 
higher impact of dispersal limitations on community assem-
bly. A value of m = 1 implies that each local community is 
simply a random sampling from the overall metacommunity.

We found that the Sloan neutral model provided a 
good description of the data for both taxonomic groups 
(Fig. 4), and the quality of the fit was higher for bacteria 
(R2 = 0.85–0.84) than for fungi (R2 = 0.59–0.60). The esti-
mated value of m was much higher for bacteria than for fungi 
(Bacteria = 0.59–0.67; fungi = 0.013–0.014), indicating a 
stronger effect of dispersal limitations for the latter. Com-
pared to a binomial model (which assumes that communities 
are random subsets of the metacommunity in the absence 
of dispersal limitation), the Sloan neutral model was more 
strongly supported for fungal than for bacterial communities 
(Tab. S4), as expected from the lower value of m.

Although spatial scales are ignored in this framework, 
the lower quality of the fit to the Sloan model is consistent 

with our previous result that dispersal limitations dominate 
fungal community assembly at the larger spatial scale. In 
this scenario, we can expect fungi to display higher het-
erogeneity in metacommunity composition, thus violating 
the assumptions of neutral dynamics. Consistently with 
this interpretation, we also found that Levin’s niche breadth 
was larger for bacteria (mean = 4.98 ∓ 0.48) than for fungi 
(mean = 2.83 ∓ 1.12), indicating that bacterial species were, 
on average, more widely distributed across the study area.

Discussion

Our understanding of the diversity and assembly of soil 
microbial communities has grown steadily in recent years, 
thanks to improved molecular and modelling techniques [57, 
58]. Applications to agriculture are also increasing, with a 
progressive shift from single specific microbes to holistic 
community-level approaches [1]. However, examinations of 
the assembly mechanisms regulating microbial biodiversity 
and composition remain rare, especially in crop ecosystems.

We demonstrated that the two main taxonomic groups of 
vineyard soil microbiomes are regulated by distinct assem-
bly processes over a range of spatial scales. In line with our 
expectations, fungal metacommunities displayed stronger 

Fig. 3   Contribution of different 
assembly processes across the 
spatial scales of the study. The 
relative values of assembly 
processes reflect the propor-
tion of pairwise comparisons 
dominated by the given process 
as inferred from the taxonomic- 
and phylogenetic-based null-
modelling
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dispersal limitations and were dominated by non-selective 
processes, whereas deterministic selection played a stronger 
role in bacterial assembly. In both groups, the influence of 
dispersal limitation clearly increased with spatial scale, from 
within to between vineyards and locations. These patterns 
were consistent over the 2 years of observation.

In line with recent investigations of soil microorgan-
isms across a range of ecosystem types, we have shown that 
bacterial and fungal communities in vineyard soils display 
assembly patterns that are consistent with their known ecol-
ogy and body size [18, 20, 30, 31]. These findings have both 
fundamental and applied implications.

The balance between stochastic and deterministic pro-
cesses in metacommunities is known to be mediated by 
a suite of biotic and abiotic factors [14, 16, 59, 60]. In 
particular, the strength of selection appears to vary with 
organism size and niche breadth, but with effects depend-
ing on ecosystem types and spatial scales. While some 
studies reported stronger determinism for larger organisms 

with narrower niches [19, 61], our results parallel recent 
analyses in showing that the influence of deterministic 
selection is stronger in bacterial communities with smaller 
cell sizes and higher dispersal rates compared to fungal 
communities [20, 31, 62]. The rapid growth rates and flex-
ible metabolism may also allow bacterial taxa to colonise 
diverse habitats and establish successfully, as indicated 
by their broader ecological niche [63, 64]. This would 
allow bacteria to better ‘track’ suitable environments, 
thus increasing the influence of deterministic selection. 
Conversely, fungal cells are generally less abundant and 
more prone to stochastic demography and local extinctions 
[31, 65]. This is also reflected in the larger fluctuations 
that we observed in the abundance of fungal taxa between 
years. In addition, and in line with other studies in both 
natural and managed ecosystems, fungal populations in 
soils displayed limited dispersal capacity [20, 22, 31]. In 
agreement with theoretical predictions, limited dispersal 
ability and smaller population sizes likely combined to 

Fig. 4   Fits of neutral models 
relating SVs relative abundance 
with their occurrence frequency 
across the metacommunity 
for bacteria & archea and 
fungi. Solid and dashed lines 
indicate model fit and 95% CI, 
respectively. Colours indicate 
SVs whose occurrence was 
either below or above model 
expectations. Model R-square 
and estimated migration rate 
(m) are shown
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increase the influence of stochasticity and drift on fungal 
dynamics [66].

Importantly, these conclusions were supported by two 
independent but complementary modelling approaches. 
First, phylogenetic null-models revealed the consistently 
larger influence of dispersal limitation for fungi. Second, 
and in line with the first, parameters from neutral model 
estimated fungal migration rates that were more than one 
order of magnitude lower than bacteria. The two modelling 
approaches are seldom used in combination [31, 55, 64], but 
our findings indicate that they could complement each other 
and further support conclusions regarding the importance of 
dispersal in metacommunities. Estimates of assembly pro-
cesses from null-models require some level of phylogenetic 
signal in the communities and results may be sensitive to 
randomisation algorithms, similarity metrics and species 
pool, and should be interpreted on a relative basis [62]. 
Sloan’s neutral model, conversely, is an analytical descrip-
tion of the theoretical abundance-occurrence relationships 
in metacommunities as a function of m, a taxon-independent 
migration rate.

It must be noted that multiple approaches have been used 
previously to estimate the relative influence of niche-related 
and spatial processes in natural metacommunities. These 
include variation partitioning of spatial and environmental 
factors (e.g. [22, 64], distance-decay analysis (e.g. [20] and 
null-model partitioning of α and β-diversities [10]. While 
no method is inherently superior, we have here employed 
two strategies specifically developed for analysing large 
microbial assemblages. Concordance between the outcome 
of the two approaches thus provides further confidence in 
the results.

Although the influence of spatial scale on metacommu-
nity assembly is well documented [60, 67, 68], this study is 
among the first to estimate changes in assembly processes 
across scales using taxonomic and phylogenetic null-mod-
els. Notably, the importance of dispersal limitation grew 
coherently with increasing spatial scales for both bacteria 
and fungi, while the influence of homogenising disper-
sal declined. Results indicate that scaling is an important 
aspect of microbial assembly in vineyard soils even within 
a relatively small study area, such as the one considered 
here (< 150 km2). This provides further support for the exist-
ence of small-scale biogeography of vineyard-associated 
microbes, especially fungi, which can contribute to defin-
ing the microbial terroir [27, 69].

One interesting and unexpected pattern that emerged 
was the relatively stronger role of variable selection for 
bacteria at small scales (between replicates and land use in 
the same vineyard), relative to larger scales. This indicates 
that, after accounting for the limited taxonomic turnover 
between nearby samples, bacterial communities were phy-
logenetically more distant than expected, thus manifesting 

the imprint of deterministic selection. This is despite adja-
cent replicate samples being more similar than samples from 
different locations, according to the measured variables. The 
available data do not allow a deeper understanding of the 
mechanisms involved, but they could include the effects of 
unmeasured soil variables (e.g. micro-scale spatial structure) 
and biotic interactions (e.g. competition with fungi). Both 
are possible and warrant further exploration. For instance, 
if micro-scale differences among samples supported a few 
phylogenetically distinct taxa, such phylogenetic turnover 
would have a significant influence on β-MNTD at short spa-
tial scales where taxonomic similarity was higher. At larger 
scales, however, increasing taxonomic differences would 
progressively ‘dilute’ the influence of phylogenetically dis-
tinct taxa, thereby reducing the signal of variable selection.

More generally, this study also highlights the impor-
tance of taxonomic and phylogenetic null models in study-
ing metacommunity assembly. Had we relied exclusively on 
observed patterns in alpha- and beta-diversity, the key dis-
tinctions between fungal and bacterial assembly would not 
have emerged as clearly. Nonetheless, the limited coherence 
in pairwise β-diversity between the two taxonomic groups 
(Fig. 2B) suggested that different mechanisms were likely 
involved. This lack of coherence in spatial turnover between 
fungi and bacteria was also observed in Powell et al. [20], 
who emphasised the importance of stochasticity and priority 
effects in fungal assembly.

Although we focused on the soil microbiome of vine-
yards, increasing evidence suggests that wineyard and sur-
rounding soil is a key source of grape-associated microbiota 
[26, 70]. Although the pathways by which microbial pro-
cesses in soil influence wine flavours remain unclear, soil 
microbial communities may ultimately link vineyards’ geol-
ogy and soil type to the organoleptic property of the wine 
produced.

Among all agricultural products, wine shows undoubt-
edly the strongest geographic patterns [71], and studies like 
ours help understand how distinct microbial signatures are 
established and maintained across managed landscapes. Our 
findings suggest that dispersal limitation may underpin geo-
graphic patterns in fungal assemblages even at small spatial 
scales, and thus contribute to the microbial aspects of terroir. 
At the same time, however, fungal assemblages displayed 
relatively high compositional variation across time and space 
and a weak contribution of deterministic selection relative to 
stochastic processes. This implies that predicting ecological 
responses to environmental change and successfully imple-
menting management actions may be challenging.

Similarly, the temporal stability of the microbial signa-
ture in vineyards is fundamental to maintaining regional 
specificity. Perhaps the degree to which vineyard microbial 
communities vary across years may have far greater impli-
cations for the concept of microbial terroir than variation 
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across communities within years. Studies that explicitly 
assess microbiome variation through time remain rare, but 
are indispensable to properly estimate ‘baseline’ temporal 
dynamics [72, 73]. Although only 2 years of observations 
were available in this study, there was higher temporal 
variation in fungal communities in terms of relative abun-
dance and turnover of taxa. Our data suggest that bacteria 
and fungi differ in their inter-annual dynamics, which may 
contribute to variation in wine characteristics. However, 
the degree to which soil microbiome dynamics influence 
year-to-year wine properties remains uncertain and repre-
sents a fruitful avenue for future research [24].

Further research is clearly needed to appraise whether 
our results can be generalised to other crop systems. How-
ever, our findings suggest that approaches to modify soil 
microbiomes should account for dispersal limitation in 
fungal metacommunities. If desired, inoculum transplants 
could be used to overcome such limitations. Conversely, 
spatial separation—even at relatively small scales—could 
favour the persistence of regional heterogeneity in fungal 
composition if this is considered key for wine properties. 
Similarly, knowing where and at which scale determin-
istic processes are important could help design effective 
environmental manipulations, while also aiding predic-
tions about year-to-year variation in the microbiome and 
its response to environmental changes.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00248-​022-​02065-x.

Acknowledgements  The meteorological data were kindly provided by 
‘Unità Agrometeorologia e Sistemi Informatici’ of the Edmund Mach 
Foundation (https://​meteo.​fmach.​it/); furthermore, the authors would 
also thank the ‘Consorzio vini del Trentino’ (https://​www.​vinid​eltre​
ntino.​com/) for the sampling sites availability.

Funding  Open access funding provided by Fondazione Edmund Mach 
- Istituto Agrario di San Michele all'Adige within the CRUI-CARE 
Agreement. This work was funded by the ‘Provincia Autonoma di 
Trento’ in the framework of ‘Accordi di Programma’ (ADP P1611051I) 
and with the contribution of ‘Consorzio Vini del Trentino’ (https://​
www.​vinid​eltre​ntino.​com/).

Data Availability  Raw sequencing data along with geographical and 
physico-chemical information are available at the European Nucleotide 
Archive (https://​www.​ebi.​ac.​uk/​ena) under the study id PRJEB31356.

Declarations 

Competing Interests  The authors declare that they have no conflict 
of interest.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 

were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

	 1.	 Ray P, Lakshmanan V, Labbé JL, Craven KD (2020) Microbe 
to microbiome: a paradigm shift in the application of microor-
ganisms for sustainable agriculture. Front Microbiol 11:3323. 
https://​doi.​org/​10.​3389/​fmicb.​2020.​622926

	 2.	 Bar-On YM, Phillips R, Milo R (2018) The biomass distribution 
on Earth. Proc Natl Acad Sci 115:6506–6511. https://​doi.​org/​10.​
1073/​pnas.​17118​42115

	 3.	 Liang C, Zhu X (2021) The soil Microbial Carbon Pump as a new 
concept for terrestrial carbon sequestration. Sci China Earth Sci 
64:545–558. https://​doi.​org/​10.​1007/​s11430-​020-​9705-9

	 4.	 Song W, Tong X, Liu Y, Li W (2020) Microbial community, newly seques-
tered soil organic carbon, and δ15N variations driven by tree roots. Front 
Microbiol 11:314. https://​doi.​org/​10.​3389/​fmicb.​2020.​00314

	 5.	 Trinh P, Zaneveld JR, Safranek S, Rabinowitz PM (2018) One 
health relationships between human, animal, and environmental 
microbiomes: a mini-review. Front Public Health 6:235. https://​
doi.​org/​10.​3389/​fpubh.​2018.​00235

	 6.	 Trivedi P, Leach JE, Tringe SG, Sa T, Singh BK (2020) Plant–
microbiome interactions: from community assembly to plant 
health. Nat Rev Microbiol 18:607–621. https://​doi.​org/​10.​1038/​
s41579-​020-​0412-1

	 7.	 Babin D, Deubel A, Jacquiod S, Sørensen SJ, Geistlinger J, 
Grosch R et al (2019) Impact of long-term agricultural manage-
ment practices on soil prokaryotic communities. Soil Biol Bio-
chem 129:17–28. https://​doi.​org/​10.​1016/j.​soilb​io.​2018.​11.​002

	 8.	 Bokulich NA, Thorngate JH, Richardson PM, Mills DA (2014) 
Microbial biogeography of wine grapes is conditioned by cultivar, 
vintage, and climate. Proc Natl Acad Sci 111:E139–E148. https://​
doi.​org/​10.​1073/​pnas.​13173​77110

	 9.	 Coller E, Cestaro A, Zanzotti R, Bertoldi D, Pindo M, Larger S et al (2019) 
Microbiome of vineyard soils is shaped by geography and manage-
ment. Microbiome 7:140. https://​doi.​org/​10.​1186/​s40168-​019-​0758-7

	10.	 Morrison-Whittle P, Goddard MR (2015) Quantifying the rela-
tive roles of selective and neutral processes in defining eukaryotic 
microbial communities. ISME J 9:2003–2011. https://​doi.​org/​10.​
1038/​ismej.​2015.​18

	11.	 Weiher E, Freund D, Bunton T, Stefanski A, Lee T, Bentivenga S 
(2011) Advances, challenges and a developing synthesis of eco-
logical community assembly theory. Philos Trans R Soc B Biol 
Sci 366:2403–2413. https://​doi.​org/​10.​1098/​rstb.​2011.​0056

	12.	 Gravel D, Canham CD, Beaudet M, Messier C (2006) Recon-
ciling niche and neutrality: the continuum hypothesis. Ecol Lett 
9:399–409. https://​doi.​org/​10.​1111/j.​1461-​0248.​2006.​00884.x

	13.	 Vellend M (2010) Conceptual synthesis in community ecology. Q 
Rev Biol 85:183–206. https://​doi.​org/​10.​1086/​652373

	14.	 Chase JM (2007) Drought mediates the importance of stochas-
tic community assembly. Proc Natl Acad Sci 104:17430–17434. 
https://​doi.​org/​10.​1073/​pnas.​07043​50104

	15.	 Ellwood FMD, Manica A, Foster WA (2009) Stochastic and deter-
ministic processes jointly structure tropical arthropod communi-
ties. Ecol Lett 12:277–284. https://​doi.​org/​10.​1111/j.​1461-​0248.​
2009.​01284.x

https://doi.org/10.1007/s00248-022-02065-x
https://meteo.fmach.it/
https://www.vinideltrentino.com/
https://www.vinideltrentino.com/
https://www.vinideltrentino.com/
https://www.vinideltrentino.com/
https://www.ebi.ac.uk/ena
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3389/fmicb.2020.622926
https://doi.org/10.1073/pnas.1711842115
https://doi.org/10.1073/pnas.1711842115
https://doi.org/10.1007/s11430-020-9705-9
https://doi.org/10.3389/fmicb.2020.00314
https://doi.org/10.3389/fpubh.2018.00235
https://doi.org/10.3389/fpubh.2018.00235
https://doi.org/10.1038/s41579-020-0412-1
https://doi.org/10.1038/s41579-020-0412-1
https://doi.org/10.1016/j.soilbio.2018.11.002
https://doi.org/10.1073/pnas.1317377110
https://doi.org/10.1073/pnas.1317377110
https://doi.org/10.1186/s40168-019-0758-7
https://doi.org/10.1038/ismej.2015.18
https://doi.org/10.1038/ismej.2015.18
https://doi.org/10.1098/rstb.2011.0056
https://doi.org/10.1111/j.1461-0248.2006.00884.x
https://doi.org/10.1086/652373
https://doi.org/10.1073/pnas.0704350104
https://doi.org/10.1111/j.1461-0248.2009.01284.x
https://doi.org/10.1111/j.1461-0248.2009.01284.x


348	 S. Larsen et al.

1 3

	16.	 Larsen S, Ormerod SJ (2014) Anthropogenic modification disrupts 
species co-occurrence in stream invertebrates. Glob Change Biol 
20:51–60. https://​doi.​org/​10.​1111/​gcb.​12355

	17.	 Zhou J, Ning D (2017) Stochastic community assembly: does it 
matter in microbial ecology? Microbiol Mol Biol Rev. https://​doi.​
org/​10.​1128/​MMBR.​00002-​17

	18.	 Li S, Wang P, Chen Y, Wilson MC, Yang X, Ma C et al (2020) 
Island biogeography of soil bacteria and fungi: similar patterns, 
but different mechanisms. ISME J 14:1886–1896. https://​doi.​org/​
10.​1038/​s41396-​020-​0657-8

	19.	 Luan L, Jiang Y, Cheng M, Dini-Andreote F, Sui Y, Xu Q et al 
(2020) Organism body size structures the soil microbial and nem-
atode community assembly at a continental and global scale. Nat 
Commun 11:6406. https://​doi.​org/​10.​1038/​s41467-​020-​20271-4

	20.	 Powell JR, Karunaratne S, Campbell CD, Yao H, Robinson L, 
Singh BK (2015) Deterministic processes vary during commu-
nity assembly for ecologically dissimilar taxa. Nat Commun 
6:8444. https://​doi.​org/​10.​1038/​ncomm​s9444

	21.	 Martiny JBH, Eisen JA, Penn K, Allison SD, Horner-Devine 
MC (2011) Drivers of bacterial β-diversity depend on spatial 
scale. Proc Natl Acad Sci 108:7850–7854. https://​doi.​org/​10.​
1073/​pnas.​10163​08108

	22.	 Chen J, Wang P, Wang C, Wang X, Miao L, Liu S et al (2020) 
Fungal community demonstrates stronger dispersal limitation 
and less network connectivity than bacterial community in 
sediments along a large river. Environ Microbiol 22:832–849. 
https://​doi.​org/​10.​1111/​1462-​2920.​14795

	23.	 Bhattacharjee A, Dubey S, Sharma S (2022) Storage of soil 
microbiome for application in sustainable agriculture: prospects 
and challenges. Environ Sci Pollut Res 29:3171–3183. https://​
doi.​org/​10.​1007/​s11356-​021-​17164-4

	24.	 Liu D, Zhang P, Chen D, Howell K (2019) From the vineyard to 
the winery: how microbial ecology drives regional distinctive-
ness of wine. Front Microbiol 10:2679. https://​doi.​org/​10.​3389/​
fmicb.​2019.​02679

	25.	 Liu D, Chen Q, Zhang P, Chen D, Howell K (2020) The fungal 
microbiome is an important component of vineyard ecosystems 
and correlates with regional distinctiveness of wine. mSphere. 
https://​doi.​org/​10.​1128/​mSphe​re.​00534-​20

	26.	 Zarraonaindia I, Owens SM, Weisenhorn P, West K, Hampton-
Marcell J, Lax S, et al. (2015) The soil microbiome influences 
grapevine-associated microbiota. mBio https://​doi.​org/​10.​1128/​
mBio.​02527-​14

	27.	 Knight SJ, Karon O, Goddard MR (2020) Small scale fungal 
community differentiation in a vineyard system. Food Microbiol 
87:103358. https://​doi.​org/​10.​1016/j.​fm.​2019.​103358

	28.	 Bokulich NA, Collins TS, Masarweh C, Allen G, Hildegarde 
H, Ebeler SE, et al. (2016) Associations among wine grape 
microbiome, metabolome, and fermentation behavior suggest 
microbial contribution to regional wine characteristics. mBio 7

	29.	 Lauber CL, Ramirez KS, Aanderud Z, Lennon J, Fierer N 
(2013) Temporal variability in soil microbial communities 
across land-use types. ISME J 7:1641–1650. https://​doi.​org/​
10.​1038/​ismej.​2013.​50

	30.	 Jiang Y, Lei Y, Yang Y, Korpelainen H, Niinemets Ü, Li C 
(2018). Divergent assemblage patterns and driving forces for 
bacterial and fungal communities along a glacier forefield 
chronosequence. https://​doi.​org/​10.​1016/J.​SOILB​IO.​2017.​12.​
019

	31.	 Zhang G, Wei G, Wei F, Chen Z, He M, Jiao S et al (2021) Dis-
persal limitation plays stronger role in the community assembly 
of fungi relative to bacteria in rhizosphere across the arable area 
of medicinal plant. Front Microbiol 12:2409. https://​doi.​org/​10.​
3389/​fmicb.​2021.​713523

	32.	 Caporaso JG, Lauber CL, Walters WA, Berg-Lyons D, Lozupone 
CA, Turnbaugh PJ et al (2011) Global patterns of 16S rRNA 

diversity at a depth of millions of sequences per sample. Proc 
Natl Acad Sci 108:4516–4522. https://​doi.​org/​10.​1073/​pnas.​
10000​80107

	33.	 Apprill A, McNally S, Parsons R, Weber L (2015) Minor revi-
sion to V4 region SSU rRNA 806R gene primer greatly increases 
detection of SAR11 bacterioplankton. Aquat Microb Ecol 75:129–
137. https://​doi.​org/​10.​3354/​ame01​753

	34.	 Parada AE, Needham DM, Fuhrman JA (2016) Every base mat-
ters: assessing small subunit rRNA primers for marine microbi-
omes with mock communities, time series and global field sam-
ples. Environ Microbiol 18:1403–1414. https://​doi.​org/​10.​1111/​
1462-​2920.​13023

	35.	 Gardes M, Bruns TD (1993) ITS primers with enhanced specific-
ity for basidiomycetes–application to the identification of mycor-
rhizae and rusts. Mol Ecol 2:113–118. https://​doi.​org/​10.​1111/j.​
1365-​294x.​1993.​tb000​05.x

	36.	 White T (1990) Amplification and direct sequencing of fungal 
ribosomal RNA genes for phylogenetics. Academic Press, PCR 
Protocols. https://​doi.​org/​10.​1016/​B978-0-​12-​372180-​8.​50042-1

	37.	 Albanese D, Fontana P, De Filippo C, Cavalieri D, Donati C 
(2015) MICCA: a complete and accurate software for taxonomic 
profiling of metagenomic data. Sci Rep 5:9743. https://​doi.​org/​10.​
1038/​srep0​9743

	38.	 Edgar RC, Flyvbjerg H (2015) Error filtering, pair assembly and 
error correction for next-generation sequencing reads. Bioinforma 
Oxf Engl 31:3476–3482. https://​doi.​org/​10.​1093/​bioin​forma​tics/​
btv401

	39.	 Wang Q, Garrity GM, Tiedje JM, Cole JR (2007) Naive Bayes-
ian classifier for rapid assignment of rRNA sequences into the 
new bacterial taxonomy. Appl Environ Microbiol 73:5261–5267. 
https://​doi.​org/​10.​1128/​AEM.​00062-​07

	40.	 DeSantis TZ, Hugenholtz P, Keller K, Brodie EL, Larsen N, 
Piceno YM et al (2006) NAST: a multiple sequence alignment 
server for comparative analysis of 16S rRNA genes. Nucleic Acids 
Res 34:W394-399. https://​doi.​org/​10.​1093/​nar/​gkl244

	41.	 Price MN, Dehal PS, Arkin AP (2010) FastTree 2 – approximately 
maximum-likelihood trees for large alignments. PLoS ONE 
5:e9490. https://​doi.​org/​10.​1371/​journ​al.​pone.​00094​90

	42.	 Kõljalg U, Larsson K-H, Abarenkov K, Nilsson RH, Alexander IJ, 
Eberhardt U et al (2005) UNITE: a database providing web-based 
methods for the molecular identification of ectomycorrhizal fungi. 
New Phytol 166:1063–1068. https://​doi.​org/​10.​1111/j.​1469-​8137.​
2005.​01376.x

	43.	 Clarke KR, Ainsworth M (1993). A method of linking multivari-
ate community structure to environmental variables. https://​doi.​
org/​10.​3354/​MEPS0​92205

	44.	 Legendre P, Anderson MJ (1999) Distance-based redundancy 
analysis: testing multispecies responses in multifactorial ecologi-
cal experiments. Ecol Monogr 69:1–24. https://​doi.​org/​10.​1890/​
0012-​9615(1999)​069[0001:​DBRATM]​2.0.​CO;2

	45.	 Jost L (2006) Entropy and diversity. Oikos 113:363–375. https://​
doi.​org/​10.​1111/j.​2006.​0030-​1299.​14714.x

	46.	 Hallett LM, Jones SK, MacDonald AAM, Jones MB, Flynn DFB, 
Ripplinger J et al (2016) codyn: an r package of community 
dynamics metrics. Methods Ecol Evol 7:1146–1151. https://​doi.​
org/​10.​1111/​2041-​210X.​12569

	47.	 Stegen JC, Lin X, Fredrickson JK, Chen X, Kennedy DW, Murray 
CJ et al (2013) Quantifying community assembly processes and 
identifying features that impose them. ISME J 7:2069–2079

	48.	 Chase JM, Kraft NJB, Smith KG, Vellend M, Inouye BD (2011) 
Using null models to disentangle variation in community dissimi-
larity from variation in α-diversity. Ecosphere 2:art24. https://​doi.​
org/​10.​1890/​ES10-​00117.1

	49.	 Ning D, Yuan M, Wu L, Zhang Y, Guo X, Zhou X et al (2020) 
A quantitative framework reveals ecological drivers of grassland 

https://doi.org/10.1111/gcb.12355
https://doi.org/10.1128/MMBR.00002-17
https://doi.org/10.1128/MMBR.00002-17
https://doi.org/10.1038/s41396-020-0657-8
https://doi.org/10.1038/s41396-020-0657-8
https://doi.org/10.1038/s41467-020-20271-4
https://doi.org/10.1038/ncomms9444
https://doi.org/10.1073/pnas.1016308108
https://doi.org/10.1073/pnas.1016308108
https://doi.org/10.1111/1462-2920.14795
https://doi.org/10.1007/s11356-021-17164-4
https://doi.org/10.1007/s11356-021-17164-4
https://doi.org/10.3389/fmicb.2019.02679
https://doi.org/10.3389/fmicb.2019.02679
https://doi.org/10.1128/mSphere.00534-20
https://doi.org/10.1128/mBio.02527-14
https://doi.org/10.1128/mBio.02527-14
https://doi.org/10.1016/j.fm.2019.103358
https://doi.org/10.1038/ismej.2013.50
https://doi.org/10.1038/ismej.2013.50
https://doi.org/10.1016/J.SOILBIO.2017.12.019
https://doi.org/10.1016/J.SOILBIO.2017.12.019
https://doi.org/10.3389/fmicb.2021.713523
https://doi.org/10.3389/fmicb.2021.713523
https://doi.org/10.1073/pnas.1000080107
https://doi.org/10.1073/pnas.1000080107
https://doi.org/10.3354/ame01753
https://doi.org/10.1111/1462-2920.13023
https://doi.org/10.1111/1462-2920.13023
https://doi.org/10.1111/j.1365-294x.1993.tb00005.x
https://doi.org/10.1111/j.1365-294x.1993.tb00005.x
https://doi.org/10.1016/B978-0-12-372180-8.50042-1
https://doi.org/10.1038/srep09743
https://doi.org/10.1038/srep09743
https://doi.org/10.1093/bioinformatics/btv401
https://doi.org/10.1093/bioinformatics/btv401
https://doi.org/10.1128/AEM.00062-07
https://doi.org/10.1093/nar/gkl244
https://doi.org/10.1371/journal.pone.0009490
https://doi.org/10.1111/j.1469-8137.2005.01376.x
https://doi.org/10.1111/j.1469-8137.2005.01376.x
https://doi.org/10.3354/MEPS092205
https://doi.org/10.3354/MEPS092205
https://doi.org/10.1890/0012-9615(1999)069[0001:DBRATM]2.0.CO;2
https://doi.org/10.1890/0012-9615(1999)069[0001:DBRATM]2.0.CO;2
https://doi.org/10.1111/j.2006.0030-1299.14714.x
https://doi.org/10.1111/j.2006.0030-1299.14714.x
https://doi.org/10.1111/2041-210X.12569
https://doi.org/10.1111/2041-210X.12569
https://doi.org/10.1890/ES10-00117.1
https://doi.org/10.1890/ES10-00117.1


349Distinct and Temporally Stable Assembly Mechanisms Shape Bacterial and Fungal Communities…

1 3

microbial community assembly in response to warming. Nat Com-
mun 11:4717. https://​doi.​org/​10.​1038/​s41467-​020-​18560-z

	50.	 Kang L, Chen L, Zhang D, Peng Y, Song Y, Kou D, et al. (2021) 
Stochastic processes regulate belowground community assembly 
in alpine grasslands on the Tibetan Plateau. Environ Microbiol n/a 
https://​doi.​org/​10.​1111/​1462-​2920.​15827

	51.	 Stegen JC, Lin X, Konopka AE, Fredrickson JK (2012) Stochas-
tic and deterministic assembly processes in subsurface microbial 
communities. ISME J 6:1653–1664. https://​doi.​org/​10.​1038/​ismej.​
2012.​22

	52.	 Sloan WT, Woodcock S, Lunn M, Head IM, Curtis TP (2007) 
Modeling taxa-abundance distributions in microbial communi-
ties using environmental sequence data. Microb Ecol 53:443–455. 
https://​doi.​org/​10.​1007/​s00248-​006-​9141-x

	53.	 Burns AR, Stephens WZ, Stagaman K, Wong S, Rawls JF, Guil-
lemin K et al (2016) Contribution of neutral processes to the 
assembly of gut microbial communities in the zebrafish over host 
development. ISME J 10:655–664. https://​doi.​org/​10.​1038/​ismej.​
2015.​142

	54.	 Feinsinger P, Spears EE, Poole RW (1981) A simple measure of 
niche breadth. Ecology 62:27–32. https://​doi.​org/​10.​2307/​19366​
64

	55.	 Barnett SE, Youngblut ND, Buckley DH (2020) Soil character-
istics and land-use drive bacterial community assembly patterns. 
FEMS Microbiol Ecol 96:fiz194. https://​doi.​org/​10.​1093/​femsec/​
fiz194

	56.	 Putman LI, Sabuda MC, Brazelton WJ, Kubo MD, Hoehler TM, 
McCollom TM et al (2021) Microbial communities in a serpenti-
nizing aquifer are assembled through strong concurrent dispersal 
limitation and selection. mSystems 0:e00300-21. https://​doi.​org/​
10.​1128/​mSyst​ems.​00300-​21

	57.	 Fierer N, Jackson RB (2006) The diversity and biogeography of 
soil bacterial communities. Proc Natl Acad Sci 103:626–631. 
https://​doi.​org/​10.​1073/​pnas.​05075​35103

	58.	 Tedersoo L, Bahram M, Põlme S, Kõljalg U, Yorou NS, Wijesun-
dera R et al (2014) Global diversity and geography of soil fungi. 
Science. https://​doi.​org/​10.​1126/​scien​ce.​12566​88

	59.	 Langenheder S, Berga M, Östman Ö, Székely AJ (2012) Temporal 
variation of β-diversity and assembly mechanisms in a bacterial 
metacommunity. ISME J 6:1107–1114. https://​doi.​org/​10.​1038/​
ismej.​2011.​177

	60.	 Viana DS, Chase JM (2019) Spatial scale modulates the inference 
of metacommunity assembly processes. Ecology 100:e02576. 
https://​doi.​org/​10.​1002/​ecy.​2576

	61.	 Farjalla VF, Srivastava DS, Marino NAC, Azevedo FD, Dib V, 
Lopes PM et al (2012) Ecological determinism increases with 
organism size. Ecology 93:1752–1759. https://​doi.​org/​10.​1890/​
11-​1144.1

	62.	 Aslani F, Geisen S, Ning D, Tedersoo L, Bahram M (2022) 
Towards revealing the global diversity and community assembly 

of soil eukaryotes. Ecol Lett 25:65–76. https://​doi.​org/​10.​1111/​
ele.​13904

	63.	 Chen Y-J, Leung PM, Wood JL, Bay SK, Hugenholtz P, Kes-
sler AJ et al (2021) Metabolic flexibility allows bacterial habi-
tat generalists to become dominant in a frequently disturbed 
ecosystem. ISME J 15:2986–3004. https://​doi.​org/​10.​1038/​
s41396-​021-​00988-w

	64.	 Jiao S, Yang Y, Xu Y, Zhang J, Lu Y (2020) Balance between 
community assembly processes mediates species coexistence 
in agricultural soil microbiomes across eastern China. ISME J 
14:202–216. https://​doi.​org/​10.​1038/​s41396-​019-​0522-9

	65.	 Nemergut DR, Schmidt SK, Fukami T, O’Neill SP, Bilinski TM, 
Stanish LF et al (2013) Patterns and processes of microbial com-
munity assembly. Microbiol Mol Biol Rev MMBR 77:342–356. 
https://​doi.​org/​10.​1128/​MMBR.​00051-​12

	66.	 Hanson CA, Fuhrman JA, Horner-Devine MC, Martiny JBH 
(2012) Beyond biogeographic patterns: processes shaping the 
microbial landscape. Nat Rev Microbiol 10:497–506. https://​doi.​
org/​10.​1038/​nrmic​ro2795

	67.	 Escobedo VM, Rios RS, Alcayaga-Olivares Y, Gianoli E (2021) 
Disturbance reinforces community assembly processes differen-
tially across spatial scales. Ann Bot 127:175–189. https://​doi.​org/​
10.​1093/​aob/​mcaa1​62

	68.	 Geheber AD, Geheber PK (2016) The effect of spatial scale on 
relative influences of assembly processes in temperate stream fish 
assemblages. Ecology 97:2691–2704. https://​doi.​org/​10.​1002/​ecy.​
1503

	69.	 Miura T, Sánchez R, Castañeda LE, Godoy K, Barbosa O (2017) 
Is microbial terroir related to geographic distance between vine-
yards? Environ Microbiol Rep 9:742–749. https://​doi.​org/​10.​1111/​
1758-​2229.​12589

	70.	 Morrison-Whittle P, Goddard MR (2018) From vineyard to win-
ery: a source map of microbial diversity driving wine fermenta-
tion. Environ Microbiol 20:75–84. https://​doi.​org/​10.​1111/​1462-​
2920.​13960

	71.	 Unwin T (2012) “Terroir: At the Heart of Geography,” in The 
Geography of Wine: Regions, Terroir and Techniques, ed. P. H. 
Dougherty (Dordrecht: Springer Netherlands), 37–48. https://​doi.​
org/​10.​1007/​978-​94-​007-​0464-0_2

	72.	 Gschwend F, Hartmann M, Hug A-S, Enkerli J, Gubler A, Frey B 
et al (2021) Long-term stability of soil bacterial and fungal com-
munity structures revealed in their abundant and rare fractions. 
Mol Ecol 30:4305–4320. https://​doi.​org/​10.​1111/​mec.​16036

	73.	 Shade A, Gregory Caporaso J, Handelsman J, Knight R, Fierer 
N (2013) A meta-analysis of changes in bacterial and archaeal 
communities with time. ISME J 7:1493–1506. https://​doi.​org/​10.​
1038/​ismej.​2013.​54

Publisher’s Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1038/s41467-020-18560-z
https://doi.org/10.1111/1462-2920.15827
https://doi.org/10.1038/ismej.2012.22
https://doi.org/10.1038/ismej.2012.22
https://doi.org/10.1007/s00248-006-9141-x
https://doi.org/10.1038/ismej.2015.142
https://doi.org/10.1038/ismej.2015.142
https://doi.org/10.2307/1936664
https://doi.org/10.2307/1936664
https://doi.org/10.1093/femsec/fiz194
https://doi.org/10.1093/femsec/fiz194
https://doi.org/10.1128/mSystems.00300-21
https://doi.org/10.1128/mSystems.00300-21
https://doi.org/10.1073/pnas.0507535103
https://doi.org/10.1126/science.1256688
https://doi.org/10.1038/ismej.2011.177
https://doi.org/10.1038/ismej.2011.177
https://doi.org/10.1002/ecy.2576
https://doi.org/10.1890/11-1144.1
https://doi.org/10.1890/11-1144.1
https://doi.org/10.1111/ele.13904
https://doi.org/10.1111/ele.13904
https://doi.org/10.1038/s41396-021-00988-w
https://doi.org/10.1038/s41396-021-00988-w
https://doi.org/10.1038/s41396-019-0522-9
https://doi.org/10.1128/MMBR.00051-12
https://doi.org/10.1038/nrmicro2795
https://doi.org/10.1038/nrmicro2795
https://doi.org/10.1093/aob/mcaa162
https://doi.org/10.1093/aob/mcaa162
https://doi.org/10.1002/ecy.1503
https://doi.org/10.1002/ecy.1503
https://doi.org/10.1111/1758-2229.12589
https://doi.org/10.1111/1758-2229.12589
https://doi.org/10.1111/1462-2920.13960
https://doi.org/10.1111/1462-2920.13960
https://doi.org/10.1007/978-94-007-0464-0_2
https://doi.org/10.1007/978-94-007-0464-0_2
https://doi.org/10.1111/mec.16036
https://doi.org/10.1038/ismej.2013.54
https://doi.org/10.1038/ismej.2013.54

	Distinct and Temporally Stable Assembly Mechanisms Shape Bacterial and Fungal Communities in Vineyard Soils
	Abstract
	Introduction
	Materials and Methods
	Sample Collection
	DNA Extraction, Library Preparation, and Sequencing
	Bioinformatic Processing
	Statistical Analysis
	Abiotic Variables
	Diversity
	Null-Model of Phylogenetic and Taxonomic β-diversities
	Neutral Model
	Nice Breadth


	Results
	No Change in Soil Parameters Between Years
	Bacteria Display Higher α-Diversity than Fungi and more Stable Composition Between Years
	Little Coherence in Beta-diversity Between Bacteria and Fungi
	Bacteria and Fungi Show Distinct but Temporally Consistent Assembly Mechanisms

	Discussion
	Anchor 20
	Acknowledgements 
	References


