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Abstract

Background Forest restoration has primarily been evaluated through changes in aboveground communities, while
belowground microbial communities—critical drivers of ecosystem functions—remain less understood. Moreover,
studies of soil microbes have focused largely on community structure, which does not necessarily reflect the recovery
of functional capacity and stability.

Methods To determine how forest restoration affects microbial community structure and function and how
microbial diversity relates to ecosystem multifunctional potential and stability, we analysed soil microbial
communities from 79 urban forest restoration sites across New Zealand, spanning 0-63 years since initial plantings.
Shotgun metagenomic sequencing was used to characterize taxonomic composition and functional potential, with
diversity quantified using alpha and beta metrics. To evaluate links between diversity and ecosystem function, we
assessed ecosystem multifunctional potential (EMF) which describes the ecosystem’s capacity to simultaneously
provide multiple functions, and we developed a novel functional insurance (F/) index grounded in ecological theory
as an indicator of functional stability and resilience. To calculate F/in microbial systems from sequencing data, we
quantified functional overlap by estimating over 250 million species-function correlations per sample.

Results Contrary to our expectations, only beta diversity, not alpha diversity, was positively associated with EMF

and Fl, indicating that community composition and dissimilarity rather than species richness underpins microbial
functional capacity and stability. EMF and F/ were positively correlated, showing that high functional diversity and
functional overlap can co-occur in microbial systems. In addition, archaeal turnover increased with closing forest

canopies, contributing to higher EMF and F/, while bacterial turnover was only weakly associated with restoration
parameters. Notably, restoration time did not play a role in shaping microbial diversity, EMF and FI.

Conclusions Our findings demonstrate that microbial compositional turnover, rather than increases in species
richness, are critical for restoring soil ecosystem functions. Incorporating microbial functional metrics like the F/ index
into restoration frameworks that recognise both above and belowground dynamics could promote resilient and
multifunctional urban forests.
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Introduction

In the Anthropocene, urbanization, globalization, and
climate change are reshaping ecosystems in profound
ways. Yet the impacts on soil microbial biodiversity—
a key driver of nutrient cycling, carbon sequestration,
plant growth promotion, and disease control—are often
overlooked [15, 46, 73]. Soil microbiomes influenced by
urbanization have an increased potential for pathogens,
loss of plant—-microbe mutualism, and global homogeni-
zation rather than local adaptation [15, 64, 75]. It is there-
fore imperative to not only avoid further habitat loss but
to actively restore biodiversity in degraded soils. Urban
ecosystems are subjected to particularly severe distur-
bance and ecosystem degradation [20, 72]. Therefore,
urban landscapes could especially benefit from ecosys-
tem restoration efforts that rebuild microbial diversity
and function, facilitating crucial ecosystem services in
the process.

While increasing biodiversity is often linked to
improved ecosystem function across virtually all bio-
logical domains of life [48], Shiping [13, 14, 28], the rela-
tionship is complex and often non-linear, especially in
microbial systems [15], (Nannipieri et al. 2017; Maron
et al. 2018). Inconsistent evidence between studies in
controlled versus natural environments highlights the
strong environmental context-dependence of micro-
bial diversity-function relationships [7]. This context-
dependence arises in part from unique microbial traits,
including rapid species turnover, metabolic plasticity,
and buffering effects of functionally overlapping species
[34]. Key measures of alpha diversity (richness and/or
evenness of taxa/functions found per sampling unit) and
beta diversity (turnover or dissimilarity of taxonomic/
functional assemblages between sampling units) also
depend on scale and habitat heterogeneity. As a result,
predicting how changes in microbial diversity will influ-
ence key ecosystem processes remains a challenge. To
better understand these dynamics, additional research is
needed on the role of ‘functional insurance’ in mediating
the relationship between microbial diversity and ecosys-
tem stability.

Functional insurance (also commonly referred to as
functional redundancy; but see [19]) is described as the
coexistence of distinct taxa with overlapping traits and
functional roles within a community and promotes the
stability of biodiversity and ecosystem functioning [39].
Functionally overlapping species with different ecological
strategies also contribute to more efficient resource usage
and multifunctionality (the simultaneous provisioning
of multiple ecosystem functions), increasing ecosystem

stability, adaptability, and productivity [8, 33, 36]. For
example, Yi Li et al. [35, 37] found that increased plant
diversity in grassland and forest experiments bolstered
multifunctionality indirectly by elevating the diversity of
other trophic groups such as herbivores, predators, and
decomposers. More generally, both alpha and beta diver-
sity have been found to promote multifunctionality to
varying degrees depending on the ecosystem and study
organism in question [25, 51, 65]. To date, our under-
standing of functional diversity and insurance has mostly
been derived from studies of macro-organisms like plants
and animals [38], which typically interact at much larger
temporal and spatial scales than microbes. As studies
on macro-organisms cannot confidently be extrapo-
lated to microbial systems, targeted research into micro-
bial structure and function is needed to understand the
impacts of disturbance and restoration on belowground
functional insurance [16, 59].

Drawing on the concepts of multifunctionality and
functional insurance, effective ecosystem restoration
should aim to rebuild the structure and function of bio-
diversity, both above- and belowground. Vegetation
planting to recreate a specific species assemblage has
traditionally been the focus of terrestrial restoration
(here meaning forest reconstruction; [23, 79]), but this
has resulted in the foundational role of soil microbiomes
often being overlooked [29, 52, 63]. To secure long-term
functional stability and multifunctionality, restoration
goals should extend beyond establishing forest plant spe-
cies richness and include strategies that foster the recov-
ery of soil microbiomes [52, 53], with microbiomes being
defined as a microbial community occupying a defined
habitat with distinct physicochemical properties, as well
as their activity [82]. Although integrating microbial
ecology into restoration planning could enhance critical
ecosystem processes, evaluations of microbial multifunc-
tionality in applied settings remain scarce [24, 68, 78].
Additionally, microbial functional insurance in a resto-
ration context has received little attention, likely due to
methodological constraints and fundamental knowledge
gaps. As a result, we still lack answers to key questions:
How do forest restoration plantings shape soil micro-
bial diversity, and to what extent does this diversity
confer functional insurance across multiple ecosystem
processes?

Here, we use a metagenomics approach to investigate
soil prokaryotic community structure and functional
potential spanning a restoration planting sequence of 79
urban forest sites. We assess how microbial alpha and
beta diversity, as well as the functional capacity for major
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microbial functions such as carbohydrate and nitrogen
metabolism, are influenced by forest restoration plant-
ings. Additionally, we develop a novel functional insur-
ance index to explore how restoration and microbial
diversity shape ecosystem multifunctional potential and
functional insurance in urban forest soils, and to provide
a method to quantify soil microbial functional insurance
and ecosystem resilience using metagenomic sequencing
data. We hypothesized that an increase in alpha and beta
diversity compared to unrestored sites leads to (1) an
increase in multifunctional potential and (2) an increase
in functional insurance. A greater local variety of taxa
(i.e., alpha diversity) could increase the chances of includ-
ing both functionally complementary and overlapping
species. This could expand the range of available func-
tional traits while also providing a buffer against species
loss, contributing to increased ecosystem stability. Fur-
ther, greater microbial community dissimilarity (i.e., beta
diversity) from unrestored sites may signal restoration
progress and a transition toward more mature, stable for-
est ecosystems, where microbial assemblages underpin a
broader and potentially more resilient range of ecosystem
functions.

Methods

Study sites

We surveyed 79 sites across nine cities in Aotearoa New
Zealand, comprising 74 urban forest restoration sites
with no trees present before planting and five unre-
stored sites. These sites spanned a wide latitudinal range
(- 46.45137°S to - 37.67842°S) and encompassed most
of the country’s climatic variation (Figure S1, Table S1).
Restoration sites ranged from 9 to 63 years since initial
planting of juvenile native plant species (referred to as
‘restoration time’). The sites ranged from 0.1 to 148 hect-
ares (mean=9.7 ha), with patch size estimates incorpo-
rating adjacent remnant forest. Each restoration site
included a single permanent sampling plot established
through the People, Cities & Nature program (PCaN; h
ttps://www.peoplecitiesnature.co.nz/), a research initiati
ve aimed at providing a scientific foundation for restor-
ing nature in urban environments. Sampling plots each
measured 10 x 20 m and were positioned>1 m from the
forest edge. All plots excluded streams, lakes, or coastal
access. Within each plot, three 1x1 m subplots were
established—one at the centre and two in opposite cor-
ners along the diagonal. The five unrestored sites with an
effective restoration time of 0 years were situated near
restoration sites in Hamilton, New Plymouth, Tauranga,
Wellington, and Invercargill, spanning the entire longi-
tudinal range of the sampling network, and consisted of
either mown or unmanaged grassland that represented
the state of restoration sites prior to initial planting. Since
the focus of the study was on the trajectory and changes
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along the restoration gradient, we focused on having a
large sample size of restoration sites rather than a match-
ing unrestored site for each restoration site.

Sample collection

Fieldwork took place between February and May 2023
(spanning summer and autumn). Data collection at all
79 sites included: (1) soil sampling for DNA extraction,
soil moisture and physicochemical testing, enzyme activ-
ity, and microbial respiration, (2) measurements of can-
opy openness and leaf litter depth, and (3) assessment
of ground cover. Vegetation survey data from 2018 was
available for all previously established plots, while the
newly established unrestored plots were surveyed at the
time of sampling.

Using decontaminated and/or UV-sterilized tools,
four soil cores (10 cm depth, 5 cm diameter) were col-
lected from each 1x1 m subplot. Cores from the three
subplots within each plot were sieved through an 8 mm
mesh, combined, and homogenized. The soil was kept
on ice throughout the sampling day. Half of the homog-
enized sample was then sieved through a 2 mm mesh and
transferred into two 15 ml falcon tubes (30 ml total) for
metagenomic analysis; these were stored at — 8 °C dur-
ing the fieldwork campaign and at — 20 °C upon return to
the University of Waikato. From the remaining soil, 250 g
was bagged for soil moisture and physicochemical test-
ing, enzyme and respiration assays (see Supplementary
methods) and refrigerated at+4 °C. Soil moisture (wet
basis) was calculated per sample as 1 — (dry weight / wet
weight) after oven drying at 35—-40 °C overnight. Physico-
chemical properties were analysed by Hill Labs (Hamil-
ton NZ) and included pH, carbon, nitrogen, phosphorus,
and organic matter content.

Vegetation data collection and calculations

Forest canopy openness—a proxy for understorey light
availability—was measured at the centre and each cor-
ner of the plot (=five locations per plot) using a spheri-
cal crown densiometer (convex model A). Leaf litter
depth was assessed to the nearest 0.5 cm three times at
each of these five locations (15 measurements per plot)
using a ruler to measure down to the humic layer; these
values were then averaged to produce a single mean litter
depth estimate per plot. Ground cover was visually esti-
mated across the entire plot, categorised into five types:
herbaceous vegetation, mulch, leaf litter, bare soil, and
moss. Data on woody vegetation were available from a
2018 survey of all established plots. This included adult
trees, saplings, and tree ferns with a diameter at breast
height (DBH, measured 135 cm above ground) greater
than 2.5 cm, for which both species identity and DBH
were recorded. Seedlings were counted by species and
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summed per plot. Tree evenness was calculated as Shan-
non diversity / log(richness) [56].

To quantify landscape context, a forest connectivity
index was calculated for each site following Matesanz et
al. [43]. This index considered the number of native forest
fragments within a 10 km radius of each site, weighted
by their distance from the focal plot, using data from the
Land Cover Database [3].

Soil DNA extraction, sequencing, and bioinformatic data
processing

We extracted soil DNA from all 79 samples using 0.25 g
soil per sample with the Qiagen DNeasy PowerLyzer
PowerSoil Kit (Qiagen, Venlo, Netherlands), following
the manufacturer’s protocol. DNA concentrations were
measured fluorometrically using the Qubit 1X dsDNA
High Sensitivity (HS) Assay Kit (Invitrogen, Waltham,
MA, USA). Three negative extraction controls using lab-
grade water were included and processed identically to
the soil samples. Both DNA extracts and negative con-
trols were sent to Auckland Genomics (University of
Auckland, Auckland, NZ) for library preparation and
sequencing. Libraries were prepared using the Illumina
DNA Prep (M) Tagmentation kit (Illumina, San Diego,
CA, USA), with 100 ng of input DNA per sample. Library
quality was assessed using the Agilent Bioanalyzer High
Sensitivity DNA Kit (Agilent Technologies, Santa Clara,
CA, USA) and quantified again with the Qubit HS Assay.
Libraries were then normalized and pooled in equimo-
lar concentrations and sequenced in triplicate on the
[llumina NovaSeq X Plus platform using 300-cycle kits,
generating 2 x 150 bp paired-end reads. The run yielded
8.3 billion raw reads, an average sequencing depth of
90.2+20.8 million raw reads per sample after merging
technical triplicates and excluding controls.

Sequencing data were processed on the New Zealand
eScience Infrastructure (NeSI) high-performance com-
puting platform to assign taxonomic and functional
classifications to the metagenomes. Raw sequence reads
(FASTQ files) underwent quality assessment using
FastQC [1] and were trimmed for quality and adapter
removal with Fastp (Shifu [13, 14]). Cleaned triplicate
reads were then merged. Taxonomic assignment was
performed using Kraken2 [83] with the PlusPFP data-
base (Standard plus RefSeq protozoa, fungi, and plant;
database dated 10/9/2023: https://benlangmead.github
.io/aws-indexes/k2). We used Bracken [40] to estimate
relative abundances of taxa and generated an abundance
table with KrakenTools [41]. In parallel, functional poten-
tial profiles were generated from high-quality sequences
using the SUPER-FOCUS annotation tool [69]. This
workflow employed the DIAMOND aligner (v0.9.19
[10],) and used the 100% identity-clustered version 2
reference database (100_v2; https://github.com/metage
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ni/SUPER-FOCUS/issues/66). SUPER-FOCUS assigns
metagenomic sequences to the SEED subsystem func-
tional annotations [50] and provides relative abundance
estimates following the methodology outlined in Silva et
al. [69].

All subsequent analyses were conducted in R Statistical
Software v4.4.2 [58], using the vegan [49] and phyloseq
[44] packages. To prepare the taxonomic data for mod-
elling microbial community variation across the urban
forest restoration sequence, taxa not assigned at the phy-
lum level or occurring in only one sample (i.e. singletons)
were removed. This standard quality filtering step helps
eliminate low-confidence taxa, which may result from
sequencing artefacts or incomplete database matches.
Taxa classified as viruses, plants, or animals were also
excluded to focus the analysis on target microbial taxa,
including bacteria, archaea, protists, and fungi. To
account for differences in sequencing depth and ensure
sample comparability, taxon abundances were normal-
ized using the transform_sample_counts function in phy-
loseq. The functional dataset was normalized, as well,
and any functional annotations that included the term
“in plants” were removed because they represented non-
target functions.

Calculating functional insurance

The following functional insurance (FI) calculations
were adapted from Ricotta et al. [61] who proposed an
FI index for biological communities (termed functional
redundancy there):

FI=S-Q (1)

where S is Gini-Simpson diversity [70] and Q is Rao’s
quadratic entropy [60]. Rao’s Q is a measure of diversity
that accounts for both species abundances and the differ-
ence in functional traits between species, with the latter
typically expressed as a trait-species matrix or dissimilar-
ity matrix. For macro-organisms such as plants or ani-
mals, trait differences between species can be identified
through observation and direct measurement. This is not
the case for soil microbiomes due to the scale and high
complexity of the system in terms of heterogeneous soil
microhabitats, high taxonomic and functional diversity,
and horizontal gene transfer, so trait-based dissimilarities
between microbial species need to be inferred in a differ-
ent way. Using metagenomic sequencing data, the follow-
ing options were considered:

1. Calculating phylogenetic similarity using
phylogenetic distance between species (as opposed
to trait-based dissimilarity);
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2. Assembling MAGs (metagenome-assembled
genomes) to link functional genes to individual
species;

3. Estimating trait—species correlations based on their
co-occurrence in samples.

Here, we chose the third option for the following rea-
sons: Phylogenetic similarity is not equivalent to func-
tional insurance and thus should not be interpreted as
such in the context of ecosystem functioning. That is
because a phylogenetic approach cannot account for
convergent evolution of traits nor for horizontal gene
transfer [31, 35, 37]. Further, even though the assembly
of MAGs is more reliable than correlation tests in linking
species and functional traits, a considerable portion of
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Fig. 1 Conceptual workflow for calculating Functional Insurance (/) from
taxonomic and functional metagenomics data, using relative abundance
tables. Here, “function” refers to protein-coding gene sequences. Fl is de-
fined as Gini-Simpson Diversity (S)—Rao’s Quadratic Entropy (Q), with S
directly calculated from taxonomic abundance data. Calculation of Q re-
quires both taxonomic abundance data and a measure of functional dis-
similarity between taxa. Functional dissimilarity is derived by calculating
correlation coefficients between all taxon-function pairs, retaining only
significant positive correlations, and then calculating Euclidean distances
between taxa based on their functional correlation coefficients
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sequence data typically cannot be successfully assembled
into MAGs, resulting in information loss [45, 77].

Functional insurance was calculated based on a subset
of the full data due to technical limitations of computing
capacity. Taxa with a mean abundance of>0.001% and
functions with a mean abundance of>0.00001% were
included, retaining 56.6% of taxa and 61.5% of functions.
To assess how our subsetting approach to analyses may
affect the true representativeness of our results, we also
tested an alternative subset of functions by applying a
threshold of functions that appeared in at least 50% of
sites. This yielded a 98% identical functional subset com-
pared to the abundance-based subset described above.
Due to the similarity in outputs, hereafter we only use
the former abundance-based subsetting approach. To
identify significant trait—species correlations, we calcu-
lated the correlation estimate and p-value for each com-
bination of individual taxa and functions (>250 million
combinations) using the cor.test function (method = “ken-
dall”) from the stats package. Only positive, significant
(p<0.05) correlations were retained. Negative and/or
non-significant correlations were interpreted as 0. The
resulting co-occurrence matrix between taxa and func-
tions returned an estimate of which functions likely co-
occurred with individual taxa. Any functions that showed
no significant correlations with any taxa were removed
from the matrix. This estimation does not aim to assign
specific functions to taxa or make claims about their
functional repertoire. Instead, the co-occurrence matrix
is used solely to produce a measure of functional dis-
similarity between taxa. For that purpose, we derived a
taxon-specific Euclidean distance matrix from the co-
occurrence matrix and used it to calculate Q with the
divc function from the ade4 package [18]. Finally, FI was
calculated as S — Q as described above (Fig. 1), using the
estimate_richness function in phyloseq to calculate S.
Compared to Shannon diversity, which weighs rare taxa
more strongly and therefore tends to vary more in highly
diverse soil communities, Simpson diversity (S) plateaus
more quickly. Hence, variation in FI is largely dependent
on Q. In a taxonomically highly diverse community such
as soil, high FI values indicate a large functional overlap
between taxa, while low FI values indicate low functional
overlap. In a community with low taxonomic diversity,
FI would always be in a low range because S>Q [61]. In
summary, FI indicates a community’s potential to retain
ecosystem functions throughout disturbance or species
loss, with a high FI indicating a higher likelihood.

Statistical analysis

To test the relationship between environmental param-
eters and restoration time, we z-scaled all environmental
parameters and fitted Generalized Linear Mixed Models
(GLMMs) using the glmmTMB function with a Gaussian
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distribution, city as a random effect, and restoration time
as the predictor. To test for relationships between micro-
bial taxonomic alpha diversity and restoration param-
eters (Table 1), we first calculated the Shannon—Wiener
alpha diversity (a, [67]) per site with the estimate_rich-
ness function in phyloseq, and then calculated the log
response ratio of alpha diversity (LRR,) compared to
unrestored sites:

LRRa = lOg (arestored/aunrestored) (2)

We fitted GLMMs with a lognormal distribution using
LRR,+1 as a response variable and city as a random
effect. The log response ratio serves as a benchmarking
metric to express restored sites relative to a baseline of
unrestored sites, influencing only the model intercept
without altering the underlying statistical relationships or
slopes among predictors. Since the unrestored sites span
the entire climatic and environmental range of the sam-
pling network but are represented by a small sample size
only, heterogeneity among unrestored sites may increase
uncertainty in the unrestored baseline. Consequently, log
response ratios are interpreted as indicators of the direc-
tion of restoration trajectories over time, rather than
estimating recovery relative to a fixed or absolute base-
line. We further conducted model selection based on
AIC scores to perform model ranking using the dredge
function from MuMlIn [4]. Predictor coefficients were
z-standardized for all statistical models. We repeated
this analysis for bacterial and archaeal alpha diversity
separately.

Similarly, we tested for correlations of restoration
parameters with microbial taxonomic beta diversity, with

Table 1 List of tested restoration parameters

Variable Range Unit

Basal area 0-18,456 cm?

Canopy openness 1.0-99.8 %

Connectivity -27-13 -

Diameter at breast height 0-113.2 cm

Ground cover—bare ground 0-18 %

Ground cover—herbs 2-100 %

Ground cover—Ileaf litter 0-97 %

Ground cover—moss 0-4 %

Litter depth 0.6-6.2 cm

Patch size 0.03-148.00 ha

Restoration time 0-63 y

Sapling number 0-250 No. of individuals
Sapling richness 0-19 No. of species
Seedling number 0-13,685 No. of individuals
Seedling richness 0-40 No. of species
Tree evenness 0-0.96 Pielou’s J

Tree number 0-174 No. of individuals
Tree richness 0-18 No. of species
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the mean Bray—Curtis dissimilarity [9] of each restored
site to all unrestored sites as an index of beta diversity (f3).
Bray—Curtis dissimilarity between sites was calculated
using the distance function from phyloseq. Since Bray—
Curtis dissimilarity is bounded between 0 and 1, we fitted
GLMMs with a beta distribution using city as a random
effect and conducted model selection based on AIC
scores using dredge as described above, then repeated the
same approach for bacteria and archaea separately.

Additionally, we tested for correlations of restoration
parameters as well as alpha and beta diversity with dif-
ferent metabolic groups, including carbohydrate metabo-
lism, nitrogen metabolism, phosphorus metabolism, and
microbial respiration. The change in sequence counts for
each metabolic group was calculated as the log-response
ratio compared to unrestored sites. We then fitted
GLMMs with a Gaussian distribution using city as a ran-
dom effect and conducted model selection based on AIC
scores as above.

Ecosystem multifunctional potential (EMF) was calcu-
lated using the threshold approach [12] with the getFunc-
sMaxed function from the multifunc package [11]. This
approach integrates multiple ecosystem functions into a
single metric by assessing how many functions simulta-
neously perform at high levels. Using functional relative
abundance data, each function is standardized relative
to its observed maximum in the dataset, and EMF is cal-
culated as the proportion of functions in a given sample
that exceed specified performance thresholds. We used
thresholds of 0.4, 0.6, and 0.8, corresponding to functions
achieving at least 40%, 60%, or 80% of their maximum
observed value. We tested the correlation of LRR, and
beta diversity with EMF for all three thresholds. Since
EMEF represents count data (i.e., the number of functions
exceeding a threshold), we applied GLMs (Generalized
Linear Models) with a negative binomial distribution. We
then tested the correlation of LRR,, beta diversity, and
EMF with functional insurance (FI) using beta regres-
sion models with the betareg package [86] because FI is
bounded between 0 and 1. Additionally, we tested the
effect of restoration time on alpha and beta diversity as
well as on EMF and FI, with city as a random effect. For
alpha diversity, we used GLMMs with a Gaussian distri-
bution; PERMANOVA was used to assess the relation-
ship with beta diversity; for EMF and FI we used GLMMs
with a negative binomial distribution and a beta distribu-
tion, respectively.

Results

Vegetation richness shapes bacterial but not archaeal
alpha diversity

The assessment of vegetation parameters in relation to
restoration time revealed significant (p<0.05) increases
of sapling, seedling, and tree numbers, seedling and tree



Brachmann et al. Environmental Microbiome (2026) 21:74

richness as well as tree evenness, tree basal area and
mossy ground cover over time. The canopy openness
significantly decreased (p<0.05), and so did herbaceous
ground cover. There were no significant relationships
with time detected for any of the tested physicochemical
properties (Figure S2).

Sequencing and quality control of the taxonomic data-
set produced 538 million high-quality reads and 10,756
unique taxa. 94.4% of those taxa were identified as bac-
teria, 4.3% as archaea, and 1.3% as eukaryotes. Shannon
alpha diversity ranged from 6.86 to 8.08 with a mean of
7.86. No significant relationship with restoration time
was detected (Figure S3A, Table S6). The mean LRR,
of restored sites approached zero, indicating that alpha
diversity was of a similar magnitude regardless of resto-
ration status (restored or unrestored), except for a few
sites with lower alpha diversity compared to unrestored
sites. A negative LRR, indicates lower alpha diversity
compared to unrestored sites, and a positive value indi-
cates higher alpha diversity, respectively. We found a
minor but significant decline in microbial alpha diversity
with increasing tree richness relative to unrestored sites
(p<0.05). Sapling richness and seedling richness were
positively associated with overall and bacterial alpha
diversity relative to unrestored sites, respectively (Fig. 2,
Table S2; p<0.05). Archaeal alpha diversity in restored
sites was significantly lower relative to unrestored sites
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with increasing forest connectivity (Fig. 2, Table S2;
p<0.05).

The mean Bray—Curtis dissimilarity of microbial com-
munity composition from unrestored sites (ie., beta
diversity) ranged from 0.11 to 0.24 with a mean of 0.15,
and no significant relationship with restoration time
was detected (Figure S3B, Table S6). While the over-
all microbial community response was largely driven by
the dominant domain of bacteria, bacterial and archaeal
communities both showed distinct responses to forest
restoration. Specifically, an increase in overall and bacte-
rial beta diversity was positively associated with seedling
number (p>0.05), while archaeal beta diversity was asso-
ciated with canopy openness (p<0.05) and moss cover
(p>0.05) (Fig. 2, Table S2). Further, alpha and beta diver-
sity patterns appeared completely decoupled from each
other, with no consistent correlations with forest resto-
ration parameters observed between these two facets of
diversity.

Functional gene abundances vary dynamically with
restoration

Sequencing and quality control of the functional dataset
produced over 500 million high-quality reads (6.2+1.4
million per sample) and identified 38,035 different func-
tions (25,774+1011 functions per sample). 14.2% of
those were associated with Carbohydrates, 1.1% were
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Fig. 2 Relationship of forest restoration parameters and soil microbial diversity. Alpha diversity refers to the log response ratio (LRR) of alpha diversity in
restored sites compared to unrestored sites and beta diversity refers to the mean Bray—Curtis dissimilarity to unrestored sites. Effect sizes are depicted as
z-scaled coefficients. A positive coefficient represents a a higher alpha diversity compared to unrestored sites, and b a higher dissimilarity to unrestored
sites (i.e,, a shift away from unrestored sites), respectively. In total, 18 predictors were tested but only those that were retained in the minimal models are
depicted. Closed and open symbols denote statistically significant (p < 0.05) and non-significant (p > 0.05) relationships, respectively
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associated with Nitrogen metabolism, 0.7% with Phos-
phorus metabolism, and 5.1% with respiration. Since this
DNA-based dataset reflects functional capacity under-
pinned by genes, rather than expressed functional activ-
ity, we refer to multifunctional potential rather than
multifunctionality when discussing the following results.

We found that numerous forest restoration param-
eters were significantly associated with changes in rela-
tive abundances of all four tested metabolic groups
(i.e., potential metabolism of carbohydrates, nitrogen,
phosphorus, and respiration), with no consistent trends
observed across those groups. Notably, phosphorus
metabolism and respiration showed opposite trends in all
relevant predictors (Fig. 3, Table S5). We also tested the
relationship between restoration parameters and enzy-
matic activity. The paired models (functional potential
based on the proportion of sequences, and enzymatic
activity) showed very little overlap. The proportion of
sequences and enzymatic activity related to respiration
increased with seedling number (p<0.05) but varied in
response to other restoration parameters (Figure S4). The
remaining metabolic groups showed no congruence in
observed relationships between restoration parameters
and functional potential or enzymatic activity (Figure S4,
Table S5).
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Multifunctional potential changes with beta diversity
rather than alpha diversity

We calculated ecosystem multifunctional potential
(EMEF) for three thresholds (0.4, 0.6, and 0.8), with the
highest threshold including dominant functions only
and the lower thresholds including dominant as well as
increasingly rare functions. We did not find significant
relationships between LRR, and EMF for any threshold
(Fig. 4A, Table S3). In contrast, EMF increased signifi-
cantly at thresholds 0.6 and 0.8 (p<0.05) as dissimilar-
ity between restored and unrestored sites increased, but
not at the lowest threshold of 0.4 (Fig. 4B, Table S3). This
suggests that the number of available functions was not
affected by microbial diversity when including both rare
and dominant functions. Even sites that were composi-
tionally similar (i.e., with low community dissimilarity) to
unrestored sites showed high functional diversity. When
focussing on common functions exclusively (higher EMF
thresholds), beta diversity became a significant predictor
of multifunctional potential (p <0.05), but with the addi-
tion of rarer functions we observed a plateau effect where
further increases in beta diversity no longer translated to
higher multifunctional potential (Table S3). This likely
meant as assemblages increasingly differed in composi-
tion from unrestored sites, the evenness of their domi-
nant functions also increased, such that more functions
were retained in EMF counts above the higher threshold

Tree richness A : ——
Bare ground A : ——
1
Moss cover - 1
1
o i |
9 Tree evenness . o :
%’ Patch size - —_—— : ‘ ®
o |
o Canopy openness 1 — ] ®
1
Seedno.{ —@— —O— : ®
Basal area 1 :
1
Connectivity 1 ® : |
1
-0.02 -0.01 0.00 0.01

Coefficient Value

C metabolism -@ P metabolism

-®- N metabolism -®- Respiration

Fig. 3 Relationship between forest restoration parameters and soil microbial metabolic groups. Each metabolic group is calculated as the LRR of its
respective normalized sequence counts compared to unrestored sites. Effect sizes are depicted as z-scaled coefficients. A positive coefficient represents
an increase in sequence counts compared to unrestored sites. Closed and open symbols denote statistically significant (p<0.05) and non-significant

(p>0.05) relationships, respectively
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values. Restoration time was not a significant predictor of
EMEF at any threshold (Figure S3C, Table S6; p >0.05).

Functional insurance is driven by community composition
rather than alpha diversity

The functional insurance index (FI) for the 79 microbial
communities ranged from 0.69 to 0.73 with a mean of
0.71. As FI is calculated as S—Q (Simpson alpha diver-
sity—Rao’s quadratic entropy) and S is high in all sites
(mean =0.99), the differences in FI are mostly dependent
on Q—in other words, the functional dissimilarity of
communities.

While we did not observe any significant changes in
FI with Shannon alpha diversity (Fig. 5A, Table S4), we
found a significant positive relationship between beta
diversity and FI (Fig. 5B, Table S4). As the community
dissimilarity to unrestored sites increased, the variation
in FI extended in a fan shape. The higher the taxonomic
dissimilarity, the higher the FI and its variation, indicat-
ing that community compositional differences rather
than species richness cause shifts in functional insur-
ance. We also observed a significant positive correlation
between FI and EMF at lower thresholds (i.e., thresholds
that include rare functions, Fig. 5C, Table S4; p<0.05).
Restoration time was not significantly associated with FI
(Figure S3D, Table S6; p >0.05).

Discussion

We investigated how forest restoration affects soil micro-
bial communities across a sequence of 79 urban planted
forests in New Zealand. We characterized microbial
communities in restored versus unrestored sites using
alpha and beta diversity metrics, evaluated ecosystem
multifunctional potential (EMF)—the capacity to pro-
vide multiple functions simultaneously —, and devel-
oped a functional insurance (FI) index which quantifies
the coexistence of distinct taxa with functional overlap
as an indicator of functional stability and resilience. We
hypothesized that both alpha and beta diversity would
positively correlate with EMF, but our findings only sup-
ported an association of beta diversity with increased
EME. Similarly, we expected both diversity metrics to
have positive effects on FI, yet only beta diversity showed
a positive effect, suggesting that community composi-
tion, not species richness, drives soil microbial func-
tional capacity and stability. Further, EMF and FI were
positively correlated, indicating that high functional
diversity and functional overlap are not mutually exclu-
sive in microbial systems. These findings underscore that
to promote the recovery of soil ecosystems and restore
vital ecosystem functions, a shift in community composi-
tion rather than an increase in species richness per se is
needed.

With less than 2% of all sequences pertaining to
eukaryota, this domain was underrepresented in the
metagenomic dataset. Even though eukaryota were
retained in the dataset, taxonomic and functional
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inferences primarily reflect prokaryotic potential.
Changes in relative abundances pertaining to prokaryota
could therefore either reflect a true change in prokaryotic
abundances or a shift in eukaryotic abundances that were
not captured sufficiently. Similarly, an observed loss of
functions could either reflect a true loss or a functional
compensation via eukaryotic taxa. With that in mind,
metagenomic sequencing data should be interpreted with
caution.

We found alpha diversity to be consistently high
regardless of whether an area had restoration plantings or
not, with a slight decrease in restored forests compared
to unrestored sites. This aligns with prior studies indicat-
ing that soil microbial alpha diversity often remains sta-
ble during restoration, while beta diversity shifts during
succession [81] and with plant richness [57]. For example,
Smenderovac et al. [71] observed no change in microbial
alpha diversity but a decline in metabolic activity during
deforestation. Furthermore, Zhou et al. [89] noted higher
microbial alpha diversity in agricultural monocultures
than in diverse natural ecosystems, emphasizing that soil

functionality depends on community composition more
than alpha diversity. A decline in alpha diversity at cer-
tain restoration sites may also reflect microbial adapta-
tion to more mature plant communities, where complex
substrates and root exudates favour specialist taxa over
the broader pool of generalists [87]. Our results provide
further evidence that higher alpha diversity does not nec-
essarily indicate improved ecosystem recovery and func-
tioning [21, 27, 66].

While changes in alpha diversity represent species
loss or gain, changes in beta diversity also capture com-
positional turnover, and environmental patterns of
these diversity metrics can be largely independent [30].
Accordingly, alpha and beta diversity were affected by
restoration parameters in unique ways. Vegetation rich-
ness primarily affected alpha diversity, whereas canopy
openness was linked to archaeal beta diversity. Observed
effects of vegetation richness may stem from determin-
istic filtering by root exudates and litter quality, among
others [85], while changes in canopy openness affect
the forest microclimate and with it soil temperature and



Brachmann et al. Environmental Microbiome (2026) 21:74

moisture. Likewise, the positive correlation between
seedling/sapling richness and alpha diversity coupled
with the negative correlation of tree richness and alpha
diversity suggests higher alpha diversity in early stages of
restoration where mature trees are still scarce. The overall
lack of observed associations between restoration param-
eters and beta diversity suggests a higher dependency on
soil properties (e.g., pH) rather than vegetation [32, 76].

Archaea are less studied than bacteria and fungi [78],
not least due to limited genetic databases, and we cur-
rently lack the knowledge needed to fully understand
their contribution and reassembly during ecosystem
recovery. Due to their distinct environmental niches [42],
they likely respond distinctly to forest restoration. Unlike
bacteria, which were mainly associated with vegetation,
archaea were correlated with canopy openness and forest
connectivity, suggesting strong ties to microclimate, soil
nutrient levels, and dispersal limitations. Archaeal diver-
sity and abundance have been shown to vary with soil
C:N ratios and pH [5, 84] as well as climate and vegeta-
tion cover [2].

While many microbial studies have used taxonomy to
infer function [17], this approach can be misleading for
multiple reasons. External stressors can induce non-
lethal physiological effects and dormancy in microbes,
altering function without affecting taxonomy, and struc-
turally distinct communities may perform similar roles
due to functional overlap [22]. In this study, we examined
the functional potential of soil microbiomes using DNA
sequence abundances, reflecting the genetic repertoire of
microbial communities rather than currently active gene
expression. However, to also estimate functional activity
alongside functional potential, we used enzyme assays
targeting one indicator enzyme per metabolic group.
Since functional capacity and activity diverge from each
other depending on biotic and abiotic factors, there was
little overlap in results between the two methods. The
activity of different metabolic groups might depend more
or less strongly on environmental factors. For instance,
nitrogen cycling rates depend on external cofactors and
redox conditions, causing a decoupling between genetic
potential and active gene expression [54, 55]. These
external dependencies also explain in part why metabolic
groups responded differently to restoration parameters.
For example, some functions rely on vegetation type for
specific carbon sources or root exudates, while others are
mainly regulated by soil pH or moisture [88].

Our first hypothesis predicted a positive correlation of
both alpha and beta diversity with ecosystem multifunc-
tional potential (EMF), but we only found support for a
relationship with beta diversity. While alpha diversity
reflects the species richness of a sample but not the func-
tional overlap of taxa within that sample or with other
samples, beta diversity reflects compositional turnover
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and, by extension, functional changes in response to
environmental drivers, promoting niche complemen-
tarity and therefore a higher multifunctional poten-
tial [47]. Changes in alpha diversity, on the other hand,
could result in little variation in EMF depending on the
degree of functional overlap between taxa of a given sam-
pling site. Our observation aligns with previous studies
identifying beta diversity more than alpha diversity as a
driver of EMF in soil microbial communities [65, 74, 89],
though results vary across landscape types, methodologi-
cal approaches, and taxonomic groups [26, 51, 68]. Wan
et al. [80] also found that rare bacterial species contribute
more strongly to EMF than abundant species, suggest-
ing a greater functional overlap among abundant taxa. In
practical terms, management approaches solely aiming
for a species richness increase may not ensure a function-
ally diverse ecosystem.

The positive relationship between beta diversity and
EMF weakened with decreasing EMF thresholds. While
high thresholds capture common functions only, low
thresholds also capture rare functions, resulting in a
larger subset. Consequently, EMF appears to plateau at
low thresholds (e.g., 0.4), where the functional space is
saturated. This suggests that with increasing dissimilarity
from unrestored sites, the number of very frequent func-
tions (i.e., high gene frequencies) simultaneously present
increases, but the number of all functions simultane-
ously present, regardless of their frequency, is consistent.
That is likely because even unrestored sites, or restora-
tion sites similar to unrestored sites, are highly function-
ally diverse. The number of functions present was not
affected by time since initial restoration.

We further hypothesised that both alpha and beta
diversity would positively correlate with functional insur-
ance (FI), but like EMF, we only found evidence for a
relationship with beta diversity. As soil microbial com-
munities become increasingly dissimilar to unrestored
sites, the compositional turnover from an unrestored
state towards a more mature forest soil ecosystem causes
an increase in FI and its variability between sites. This
suggests a shift towards more functionally stable, resil-
ient soil communities that are more strongly adapted to
local conditions. Notably, we did not see a reduction in
the number of distinct functions. Instead, EMF and FI
were positively correlated, suggesting that functional sta-
bility supports multifunctional potential by allowing soil
communities to provide multiple processes simultane-
ously rather than mainly reacting to environmental fluc-
tuations [89]. More generally, our results suggest that to
enhance multifunctional potential and functional insur-
ance of soil microbial communities in urban restored
forests, an increase in microbial species richness alone
is not sufficient. Changes in beta diversity seem to play
a vital role, with archaeal compositional turnover being
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facilitated by closed forest canopies. We also demon-
strate that our proposed functional insurance metric,
FI, is a viable alternative to currently available methods.
Future research can build on this foundation by integrat-
ing metatranscriptomics data to directly test whether
genetic functional overlap translates into realized eco-
system processes. Refining and expanding on this metric
will strengthen its ecological relevance, extend its utility
in restoration frameworks, and advance our understand-
ing of how microbial diversity supports ecosystem resil-
ience and multifunctionality.

Our study of soil microbial communities in urban forest
restoration sites in New Zealand reveals that beta diver-
sity, rather than alpha diversity, drives ecosystem multi-
functional potential (EMF) and functional insurance (FI).
Compositional dissimilarity, influenced by environmen-
tal factors like forest canopy openness, enhances func-
tional stability and multifunctional potential, while an
increase in alpha diversity does not necessarily improve
soil ecosystem recovery. These findings emphasize that
restoration efforts should prioritize shifts in microbial
community composition over species richness to pro-
mote resilient, multifunctional soil ecosystems, but fur-
ther research is needed to identify potential levers of
bacterial turnover in the context of forest restoration.

Supplementary Information
The online version contains supplementary material available at https://doi.or
9/10.1186/540793-026-00896-6.

[ Supplementary Material 1. ]

Acknowledgements

We extend our sincere gratitude to Poppy Joaquina Romera, Grace Mitchell,
and Toni Cornes for their invaluable assistance in the field, and René Devenish,
Judith Burrows, Stacey Mever, Erica Prentice, and Seager Ray for their support
in the laboratory. We would also like to acknowledge Auckland Genomics for
carrying out metagenomics library preparation and sequencing for us.

Author contributions

SB, KK, CL, KW, MB, and AB contributed to conceptualization and
methodology. SB and KK collected the data. SB, KK, and CL curated the data.
SB conducted the formal analysis, visualized the results, and wrote the original
draft. AB and NE validated the results. AB, KW, MB, and KK contributed to
supervision. All authors contributed to the manuscript review and editing
process. MB, AB, and KW contributed to funding acquisition and project
administration.

Funding
The study was funded by the New Zealand Ministry of Business, Innovation
and Employment [Grant Number UOWX2101].

Data availability

Raw sequencing data is available at the AGDR [Project NZ-00045; https://doi.o
rg/10.57748/8s3r-w363] upon request to protect indigenous data sovereignty.
Processed data and code are provided here: https:/figshare.com/s/f815661e
4581e9ce3e10.

Page 12 of 14

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'School of Science, University of Waikato, Private Bag 3105,

Hamilton 3204, New Zealand

2College of Science and Engineering, Flinders University, Bedford Park,
SA 5041, Australia

3German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-
Leipzig, Deutscher Platz 5, 04103 Leipzig, Germany

“Institute of Biology, Leipzig University, Deutscher Platz 5, 04103 Leipzig,
Germany

Received: 17 November 2025 / Accepted: 6 April 2026
Published online: 14 April 2026

References

1. Andrews S. FastQC: a quality control tool for high throughput sequence data.
V.v0.12.1. Released March 1, 2023.

2. Angel R, Soares MIM, Ungar ED, Gillor O. Biogeography of soil archaea and
bacteria along a steep precipitation gradient. ISME J. 2010;4(4):553-63. https:/
/doi.org/10.1038/ismej.2009.136.

3. Barnes M. LCDB v5.0: land cover database Version 5.0, Mainland, New Zea-
land. Landcare Research, November 15, 2024. https://doi.org/10.26060/W5B
4-WK93.

4. Bartori K. MuMIn: multi-model inference. CRAN: Contributed Packages. The R
Foundation, May 28, 2010. https://doi.org/10.32614/cran.package.mumin.

5. Bates ST, Berg-Lyons D, Caporaso JG, Walters WA, Knight R, Fierer N. Examin-
ing the global distribution of dominant archaeal populations in soil. ISME J.
2011;5(5):908-17. https://doi.org/10.1038/ismej.2010.171.

6. Bell CW, Fricks BE, Rocca JD, Steinweg JM, McMahon SK, Wallenstein MD.
High-throughput fluorometric measurement of potential soil extracellular
enzyme activities. J Vis Exp. 2013;81:50961. https://doi.org/10.3791/50961.

7. BellT, Gessner MO, Griffiths RI, et al. Microbial biodiversity and ecosystem
functioning under controlled conditions and in the wild. In: Naeem S, Bunker
DE, Hector A, Loreau M, Perrings C, editors, et al,, Biodiversity, ecosystem
functioning, and human wellbeing. 1st ed. Oxford: Oxford University Press;
2009. https://doi.org/10.1093/acprof:0s0/9780199547951.003.0009.

8. Biggs CR, Yeager LA, Bolser DG, et al. Does functional redundancy affect
ecological stability and resilience? A review and meta-analysis. Ecosphere.
2020;11(7):e03184. https://doi.org/10.1002/ecs2.3184.

9. Bray JR, Curtis JT. An ordination of the upland forest communities of southern
Wisconsin. Ecol Monogr. 1957;27(4):325-49. https://doi.org/10.2307/1942268.

10.  Buchfink B, Reuter K, Drost H-G. Sensitive protein alignments at tree-of-life
scale using DIAMOND. Nat Methods. 2021;18(4):366-8. https://doi.org/10.103
8/541592-021-01101-x.

11. Byrnes J. Multifunc: analysis of ecological drivers on ecosystem multifunc-
tionality. CRAN: Contributed Packages. The R Foundation, May 25, 2022. https:
//doi.org/10.32614/cran.package.multifunc.

12. Byrnes JEK, Gamfeldt L, Isbell F, et al. Investigating the relationship between
biodiversity and ecosystem multifunctionality: challenges and solutions.
Methods Ecol Evol. 2014;5(2):111-24. https://doi.org/10.1111/2041-210X.121
43,

13. ChenS, ZhouY, ChenY, Gu J. Fastp: an ultra-fast all-in-one FASTQ preproces-
sor. Bioinformatics. 2018;34(17):1884-90. https://doi.org/10.1093/bioinformati
¢s/bty560.

14.  Chen'S, Wang W, Xu W, et al. Plant diversity enhances productivity and soil
carbon storage. Proc Natl Acad Sci. 2018;115(16):4027-32. https://doi.org/10.
1073/pnas.1700298114.

15.  Delgado-Baquerizo M, Eldridge DJ, Liu Y-R, et al. Global homogenization of
the structure and function in the soil microbiome of urban greenspaces. Sci
Adv. 2021;7(28):eabg5809. https://doi.org/10.1126/sciadv.abg5809.


https://doi.org/10.1186/s40793-026-00896-6
https://doi.org/10.1186/s40793-026-00896-6
https://doi.org/10.57748/8s3r-w363
https://doi.org/10.57748/8s3r-w363
https://figshare.com/s/f815661e4581e9ce3e10
https://figshare.com/s/f815661e4581e9ce3e10
https://doi.org/10.1038/ismej.2009.136
https://doi.org/10.1038/ismej.2009.136
https://doi.org/10.26060/W5B4-WK93
https://doi.org/10.26060/W5B4-WK93
https://doi.org/10.32614/cran.package.mumin
https://doi.org/10.1038/ismej.2010.171
https://doi.org/10.3791/50961
https://doi.org/10.1093/acprof:oso/9780199547951.003.0009
https://doi.org/10.1002/ecs2.3184
https://doi.org/10.2307/1942268
https://doi.org/10.1038/s41592-021-01101-x
https://doi.org/10.1038/s41592-021-01101-x
https://doi.org/10.32614/cran.package.multifunc
https://doi.org/10.32614/cran.package.multifunc
https://doi.org/10.1111/2041-210X.12143
https://doi.org/10.1111/2041-210X.12143
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1073/pnas.1700298114
https://doi.org/10.1073/pnas.1700298114
https://doi.org/10.1126/sciadv.abg5809

Brachmann et al. Environmental Microbiome

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

(2026) 21:74

Delgado-Baquerizo M, Reich PB, Trivedi C, et al. Multiple elements of

soil biodiversity drive ecosystem functions across biomes. Nat Ecol Evol.
2020;4(2):210-20. https://doi.org/10.1038/541559-019-1084-y.

Djemiel C, Maron P-A, Terrat S, Dequiedt S, Cottin A, Ranjard L. Infer-

ring microbiota functions from taxonomic genes: a review. Gigascience.
2022;11(January):giab090. https://doi.org/10.1093/gigascience/giab090.
Dray S, Dufour A-B, Thioulouse J. Ade4: analysis of ecological data: explor-
atory and euclidean methods in environmental sciences. CRAN: Contributed
Packages. The R Foundation, December 10, 2002. https://doi.org/10.32614/cr
an.package.ade4.

Eisenhauer N, Hines J, Maestre FT, Rillig MC. Reconsidering functional redun-
dancy in biodiversity research. npj Biodivers. 2023;2(1):9. https://doi.org/10.10
38/544185-023-00015-5.

Ferreira CSS, Walsh RPD, Ferreira AJD. Degradation in urban areas. Curr Opin
Environ Sci Health. 2018;5:19-25. https://doi.org/10.1016/j.coesh.2018.04.001.
Fierer N, Wood SA, Bueno De Mesquita CP. How microbes can, and cannot, be
used to assess soil health. Soil Biol Biochem. 2021;153:108111. https://doi.org
/10.1016/j.50ilbi0.2020.108111.

Fuggle R, Matias MG, Mayer-Pinto M, Marzinelli EM. Multiple stressors affect
function rather than taxonomic structure of freshwater microbial communi-
ties. npj Biofilms Microbiomes. 2025;11(1):60. https://doi.org/10.1038/54152
2-025-00700-2.

Gann GD, McDonald T, Walder B, et al. International principles and standards
for the practice of ecological restoration. Restorat Ecol. 2019. https://doi.org/
10.1111/rec.13035.

Gomes SIF, Gundersen P, Bezemer TM, et al. Soil microbiome inoculation for
resilient and multifunctional new forests in post-agricultural landscapes. Glob
Change Biol. 2025. https://doi.org/10.1111/gcb.70031.

Grman E, Zirbel CR, Bassett T, Brudvig LA. Ecosystem multifunctionality
increases with beta diversity in restored prairies. Oecologia. 2018;188(3):837-
48. https://doi.org/10.1007/500442-018-4248-6.

Guo W, Li M-H, Qi L. The contrasting roles of fungal and bacterial diversity and
composition in shaping the multifunctionality of rhizosphere and bulk soils
across large-scale bamboo forests. BMC Microbiol. 2025;25(1):252. https://doi.
0rg/10.1186/512866-025-03962-0.

Hillebrand H, Blasius B, Borer ET, et al. Biodiversity change is uncoupled from
species richness trends: consequences for conservation and monitoring. J
Appl Ecol. 2018;55(1):169-84. https://doi.org/10.1111/1365-2664.12959.
Hong P, Schmid B, De Laender F, et al. Biodiversity promotes ecosystem
functioning despite environmental change. Ecol Lett. 2022;25(2):555-69. http
s://doi.org/10.1111/ele.13936.

Kardol P, Wardle DA. How understanding aboveground-belowground link-
ages can assist restoration ecology. Trends Ecol Evol. 2010,25(11):670-9. https
://doi.org/10.1016/j.tree.2010.09.001.

Kessler M, Abrahamczyk S, Bos M, et al. Alpha and Beta diversity of plants and
animals along a tropical land-use gradient. Ecol Appl. 2009;19(8):2142-56. htt
ps://doi.org/10.1890/08-1074.1.

Kluge J, Kessler M. Phylogenetic diversity, trait diversity and niches: species
assembly of ferns along a tropical elevational gradient: phylogenetic and trait
diversity of ferns. J Biogeogr. 2011;38(2):394-405. https://doi.org/10.1111/j.13
65-2699.2010.02433.x.

Landesman WJ, Nelson DM, Fitzpatrick MC. Soil properties and tree spe-

cies drive B-diversity of soil bacterial communities. Soil Biol Biochem.
2014;76:201-9. https://doi.org/10.1016/j.s0ilbi0.2014.05.025.

Le Bagousse-Pinguet Y, Soliveres S, Gross N, Torices R, Berdugo M, Maestre

FT. Phylogenetic, functional, and taxonomic richness have both positive and
negative effects on ecosystem multifunctionality. Proc Natl Acad Sci U S A.
2019;116(17):8419-24. https://doi.org/10.1073/pnas.1815727116.

Lei J, Feng J, Ding J, Yang Y. Revisiting the classical biodiversity—ecosystem
functioning and stability relationships in microbial microcosms. PNAS Nexus.
2025;4(4):pgaf114. https://doi.org/10.1093/pnasnexus/pgafl 14.

Li D-D, Wang J, Jiang Y, et al. Quantifying functional redundancy in polysac-
charide-degrading prokaryotic communities. Microbiome. 2024. https://doi.o
rg/10.1186/540168-024-01838-5.

LiY, GeY,Wang J, Shen C, Wang J, Liu Y-J. Functional redundancy and specific
taxa modulate the contribution of prokaryotic diversity and composition to
multifunctionality. Mol Ecol. 2021;30(12):2915-30. https://doi.org/10.1111/me
€.15935.

Li'Y, Schuldt A, Ebeling A, et al. Plant diversity enhances ecosystem multifunc-
tionality via multitrophic diversity. Nat Ecol Evol. 2024;8(11):2037-47. https//
doi.org/10.1038/541559-024-02517-2.

38.

39.

40.

41.

42.

43.

45.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Page 13 of 14

Loreau M, Naeem S, Inchausti P, et al. Biodiversity and ecosystem functioning:
current knowledge and future challenges. Science. 2001;294(5543):804-8. htt
ps://doi.org/10.1126/science.1064088.

Loreau M. Does functional redundancy exist? Oikos. 2004;104(3):606-11. http
s://doi.org/10.1111/j.0030-1299.2004.12685.x.

Lu J, Breitwieser FP, Thielen P, Salzberg SL. Bracken: estimating species abun-
dance in metagenomics data. Peer) Comput Sci. 2017;3:e104. https://doi.org/
10.7717/peerj-cs.104.

Lu J, Rincon N, Wood DE, et al. Metagenome analysis using the Kraken
software suite. Nat Protoc. 2022;17(12):2815-39. https://doi.org/10.1038/5415
96-022-00738-y.

Malard LA, Mod HK, Guex N, et al. Comparative analysis of diversity and envi-
ronmental niches of soil bacterial, archaeal, fungal and protist communities
reveal niche divergences along environmental gradients in the Alps. Soil Biol
Biochem. 2022;169:108674. https://doi.org/10.1016/j.50ilbi0.2022.108674.
Matesanz S, Teso MLR, Garcfa-Fernandez A, Escudero A. Habitat fragmenta-
tion differentially affects genetic variation, phenotypic plasticity and survival
in populations of a gypsum endemic. Front Plant Sci. 2017;8:843. https://doi.o
rg/10.3389/fpls.2017.00843.

McMurdie PJ, Holmes S. Phyloseq: An R package for reproducible inter-
active analysis and graphics of microbiome census data. PLoS ONE.
2013;8(4):e61217. https://doi.org/10.1371/journal.pone.0061217.

Mirete S, Sénchez-Costa M, Diaz-Rullo J, Gonzélez De Figueras C, Martinez-
Rodriguez P, Gonzélez-Pastor JE. Metagenome-assembled genomes

(MAGs): advances, challenges, and ecological insights. Microorganisms.
2025;13(5):985. https://doi.org/10.3390/microorganisms13050985.

Monaco P, Baldoni A, Naclerio G, Scippa GS, Bucci A. Impact of plant-microbe
interactions with a focus on poorly investigated urban ecosystems—a
review. Microorganisms. 2024;12(7):1276. https://doi.org/10.3390/microorgan
isms12071276.

Mori AS, Isbell F, Seidl R. 3-Diversity, community assembly, and ecosystem
functioning. Trends Ecol Evol. 2018;33(7):549-64. https://doi.org/10.1016/j.tre
€.2018.04.012.

Naeem S, Duffy JE, Zavaleta E. The functions of biological diversity in an age
of extinction. Science. 2012;336(6087):1401-6. https://doi.org/10.1126/scienc
€.1215855.

Oksanen J, Simpson G, Guillaume Blanchet F, et al. Vegan: Community Ecol-
ogy Package. V. 2.6.8. Released, 2024. https://CRAN.R-project.org/package=ve
gan.

Overbeek R, Olson R, Pusch GD, et al. The SEED and the rapid annotation of
microbial genomes using subsystems technology (RAST). Nucleic Acids Res.
2014;42(D1):D206-14. https://doi.org/10.1093/nar/gkt1226.

Pasari JR, Levi T, Zavaleta ES, Tilman D. Several scales of biodiversity affect
ecosystem multifunctionality. Proc Natl Acad Sci. 2013;110(25):10219-22. htt
ps://doi.org/10.1073/pnas.1220333110.

Peddle SD, Hodgson RJ, Borrett RJ, et al. Practical applications of soil
microbiota to improve ecosystem restoration: current knowledge and future
directions. Biol Rev. 2025;100(1):1-18. https://doi.org/10.1111/brv.13124.
Pérez-Valera E, Verdd M, Navarro-Cano JA, Goberna M. Soil microbiome
drives the recovery of ecosystem functions after fire. Soil Biol Biochem.
2020;149:107948. https://doi.org/10.1016/j.50ilbi0.2020.107948.

Pett-Ridge J, Firestone MK. Redox fluctuation structures microbial communi-
ties in a wet tropical soil. Appl Environ Microbiol. 2005;71(11):6998-7007. http
s://doi.org/10.1128/aem.71.11.6998-7007.2005.

Pett-Ridge J, Silver WL, Firestone MK. Redox fluctuations frame microbial
community impacts on N-Cycling rates in a humid tropical forest soil.
Biogeochemistry. 2006;81(1):95-110. https://doi.org/10.1007/510533-006-903
2-8.

Pielou EC. The measurement of diversity in different types of biological col-
lections. J Theor Biol. 1966;13:131-44. https://doi.org/10.1016/0022-5193(66)
90013-0.

Prober SM, Leff JW, Bates ST, et al. Plant diversity predicts beta but not

alpha diversity of soil microbes across grasslands worldwide. Ecol Lett.
2015;18(1):85-95. https://doi.org/10.1111/ele.12381.

R Core Team. R: A Language and Environment for Statistical Computing. V.
4.4.0. R Foundation for Statistical Computing, released April 24, 2024. https://
www.R-project.org/.

Ramond P, Galand PE, Logares R. Microbial functional diversity and redun-
dancy: moving forward. FEMS Microbiol Rev. 2025;49(January):fuae031. https:
//doi.org/10.1093/femsre/fuae031.

Rao CR. Diversity and dissimilarity coefficients: A unified approach. Theor
Popul Biol. 1982,21(1):24-43. https://doi.org/10.1016/0040-5809(82)90004-1.


https://doi.org/10.1038/s41559-019-1084-y
https://doi.org/10.1093/gigascience/giab090
https://doi.org/10.32614/cran.package.ade4
https://doi.org/10.32614/cran.package.ade4
https://doi.org/10.1038/s44185-023-00015-5
https://doi.org/10.1038/s44185-023-00015-5
https://doi.org/10.1016/j.coesh.2018.04.001
https://doi.org/10.1016/j.soilbio.2020.108111
https://doi.org/10.1016/j.soilbio.2020.108111
https://doi.org/10.1038/s41522-025-00700-2
https://doi.org/10.1038/s41522-025-00700-2
https://doi.org/10.1111/rec.13035
https://doi.org/10.1111/rec.13035
https://doi.org/10.1111/gcb.70031
https://doi.org/10.1007/s00442-018-4248-6
https://doi.org/10.1186/s12866-025-03962-0
https://doi.org/10.1186/s12866-025-03962-0
https://doi.org/10.1111/1365-2664.12959
https://doi.org/10.1111/ele.13936
https://doi.org/10.1111/ele.13936
https://doi.org/10.1016/j.tree.2010.09.001
https://doi.org/10.1016/j.tree.2010.09.001
https://doi.org/10.1890/08-1074.1
https://doi.org/10.1890/08-1074.1
https://doi.org/10.1111/j.1365-2699.2010.02433.x
https://doi.org/10.1111/j.1365-2699.2010.02433.x
https://doi.org/10.1016/j.soilbio.2014.05.025
https://doi.org/10.1073/pnas.1815727116
https://doi.org/10.1093/pnasnexus/pgaf114
https://doi.org/10.1186/s40168-024-01838-5
https://doi.org/10.1186/s40168-024-01838-5
https://doi.org/10.1111/mec.15935
https://doi.org/10.1111/mec.15935
https://doi.org/10.1038/s41559-024-02517-2
https://doi.org/10.1038/s41559-024-02517-2
https://doi.org/10.1126/science.1064088
https://doi.org/10.1126/science.1064088
https://doi.org/10.1111/j.0030-1299.2004.12685.x
https://doi.org/10.1111/j.0030-1299.2004.12685.x
https://doi.org/10.7717/peerj-cs.104
https://doi.org/10.7717/peerj-cs.104
https://doi.org/10.1038/s41596-022-00738-y
https://doi.org/10.1038/s41596-022-00738-y
https://doi.org/10.1016/j.soilbio.2022.108674
https://doi.org/10.3389/fpls.2017.00843
https://doi.org/10.3389/fpls.2017.00843
https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.3390/microorganisms13050985
https://doi.org/10.3390/microorganisms12071276
https://doi.org/10.3390/microorganisms12071276
https://doi.org/10.1016/j.tree.2018.04.012
https://doi.org/10.1016/j.tree.2018.04.012
https://doi.org/10.1126/science.1215855
https://doi.org/10.1126/science.1215855
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://doi.org/10.1093/nar/gkt1226
https://doi.org/10.1073/pnas.1220333110
https://doi.org/10.1073/pnas.1220333110
https://doi.org/10.1111/brv.13124
https://doi.org/10.1016/j.soilbio.2020.107948
https://doi.org/10.1128/aem.71.11.6998-7007.2005
https://doi.org/10.1128/aem.71.11.6998-7007.2005
https://doi.org/10.1007/s10533-006-9032-8
https://doi.org/10.1007/s10533-006-9032-8
https://doi.org/10.1016/0022-5193(66)90013-0
https://doi.org/10.1016/0022-5193(66)90013-0
https://doi.org/10.1111/ele.12381
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1093/femsre/fuae031
https://doi.org/10.1093/femsre/fuae031
https://doi.org/10.1016/0040-5809(82)90004-1

Brachmann et al. Environmental Microbiome

62.

63.

64.

65.

66.
67.

68.

69.

70.

72.

73.

74.

75.

76.

(2026) 21:74

Ricotta C, Podani J, Schmera D, Bacaro G, Maccherini S, Pavoine S. The ternary
diagram of functional diversity. Methods Ecol Evol. 2023;14(5):1168-74. https:
//doi.org/10.1111/2041-210x.14100.

Robinson JM, O'Neill TA, Ryburn J, Liang LL, Arcus VL, Schipper LA. Rapid labo-
ratory measurement of the temperature dependence of soil respiration and
application to changes in three diverse soils through the year. Biogeochemis-
try. 2017;133(1):101-12. https://doi.org/10.1007/510533-017-0314-0.
Robinson JM, Hodgson R, Krauss SL, et al. Opportunities and challenges for
microbiomics in ecosystem restoration. Trends Ecol Evol. 2023;38(12):1189-
202. https://doi.org/10.1016/j.tree.2023.07.009.

Rosier CL, Polson SW, D'’Amico V, Kan J, Trammell TLE. Urbanization pressures
alter tree rhizosphere microbiomes. Sci Rep. 2021;11(1):9447. https://doi.org/
10.1038/541598-021-88839-8.

Sasaki T, Ishii NI, Makishima D, et al. Plant and microbial community
composition jointly determine moorland multifunctionality. J Ecol.
2022;110(10):2507-21. https://doi.org/10.1111/1365-2745.13969.

Shade A. Diversity is the question, not the answer. ISME J. 2017;11(1):1-6. http
s://doi.org/10.1038/ismej.2016.118.

Shannon CE. A mathematical theory of communication. Bell Syst Tech J.
1948;27(3):379-423. https://doi.org/10.1002/}.1538-7305.1948.tb01338 x.

Shu X, LiuW, HuY, et al. Ecosystem multifunctionality and soil microbial
communities in response to ecological restoration in an alpine degraded
grassland. Front Plant Sci. 2023. https://doi.org/10.3389/fpls.2023.1173962.
Silva GGZ, Green KT, Dutilh BE, Edwards RA. SUPER-FOCUS: a tool for

agile functional analysis of shotgun metagenomic data. Bioinformatics.
2016;32(3):354-61. https://doi.org/10.1093/bioinformatics/btv584.

Simpson EH. Measurement of diversity. Nature. 1949;163(4148):688-688. http
s://doi.org/10.1038/163688a0.

Smenderovac EE, Webster K, Caspersen J, Morris D, Hazlett P, Basiliko N. Does
intensified boreal forest harvesting impact soil microbial community struc-
ture and function? Can J For Res. 2017,47(7):916-25. https://doi.org/10.1139/
jfr-2016-0468.

Sukopp H, Starfinger U. Disturbance in urban ecosystems. In: Ecosystems of
Disturbed Ground, 1st ed. Ecosystems of the World, v. 16. Elsevier, 1999.

Sun X, Liddicoat C, Tiunov A, et al. Harnessing soil biodiversity to promote
human health in cities. Npj Urban Sustain. 2023. https://doi.org/10.1038/5429
49-023-00086-0.

Tang R, Li S, Huang X, Zhang R, Li C, Jianrong S. Trends in alpha diversity,
community composition, and network complexity of rare, intermediate, and
abundant bacterial taxa along a latitudinal gradient and their impact on
ecosystem multifunctionality. For Ecosyst. 2025;13(August):100323. https.//d
01.0rg/10.1016/jfecs.2025.100323.

Tatsumi C, Atherton KF, Garvey SM, et al. Urbanization and edge effects
interact to drive mutualism breakdown and the rise of unstable pathogenic
communities in forest soil. Proc Natl Acad Sci. 2023;120(36):2307519120. htt
ps://doi.org/10.1073/pnas.2307519120.

Tripathi BM, Stegen JC, Kim M, Dong K, Adams JM, Lee YK. Soil pH mediates
the balance between stochastic and deterministic assembly of bacteria. ISME
J.2018;12(4):1072-83. https://doi.org/10.1038/541396-018-0082-4.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Page 14 of 14

Tshisekedi KA, De Maayer P, Botes A. Metagenomic sequencing and recon-
struction of 82 microbial genomes from barley seed communities. Scientific
Data. 2024. https://doi.org/10.1038/541597-024-03332-x.

Vivian J, Chazdon RL, Catling AA, Lee DJ. Early evidences of links between soil
microbes and forest restoration through multiple ecosystem metrics. Front
For Glob Change. 2025. https://doi.org/10.3389/ffgc.2025.1540513.

Wallace KJ, Clarkson BD. Urban forest restoration ecology: a review from
Hamilton, New Zealand. J R Soc N Z. 2019;49(3):347-69. https://doi.org/10.10
80/03036758.2019.1637352.

WanW, Liu S, Li X, Xing Y, Chen W, Huang Q. Bridging rare and abundant
bacteria with ecosystem multifunctionality in salinized agricultural soils:

from community diversity to environmental adaptation. mSystems.
2021;6(2):10.1128/msystems.01221-20. https://doi.org/10.1128/msystems.012
21-20.

Watson CD, Gardner MG, Hodgson RJ, Liddicoat C, Peddle SD, Breed MF.
Global meta-analysis shows progress towards recovery of soil microbiota
following revegetation. Biol Cons. 2022;272(August):109592. https://doi.org/1
0.1016/j.biocon.2022.109592.

Whipps JM, Lewis K, Cooke RC. Mycoparasitism and plant disease control.
Fungi Biol Control Syst. 1988;1988:161-87.

Wood DE, Jennifer L, Langmead B. Improved metagenomic analysis with
Kraken 2. Genome Biol. 2019;20(1):257. https://doi.org/10.1186/513059-019-1
891-0.

Yan DongFeng, Bissett A, Gellie NJC, Mills JG, Lowe AJ, Breed MF. Soil bacterial
community differences along a coastal restoration chronosequence. Plant
Ecol. 2020;221(9):795-811. https://doi.org/10.1007/511258-019-00979-0.
Yang B, Feng W, Zhou W, He K, Yang Z. Association between soil physico-
chemical properties and bacterial community structure in diverse forest
ecosystems. Microorganisms. 2024;12(4):728. https://doi.org/10.3390/microor
ganisms12040728.

Zeileis A, Cribari-Neto F, Griin B, Kosmidis |. Betareg: beta regression. CRAN:
Contributed Packages. The R Foundation, April 1, 2004. https://doi.org/10.326
14/cran.package betareg.

Zhalnina K, Louie KB, Hao Z, et al. Dynamic root exudate chemistry and
microbial substrate preferences drive patterns in rhizosphere microbial com-
munity assembly. Nat Microbiol. 2018;3(4):470-80. https://doi.org/10.1038/s4
1564-018-0129-3.

Zheng Q HuY, Zhang S, et al. Soil multifunctionality is affected by the soil
environment and by microbial community composition and diversity. Soil
Biol Biochem. 2019;136:107521. https://doi.org/10.1016/j.50ilbi0.2019.107521.
Zhou Z,Wang C, Luo Y. Meta-analysis of the impacts of global change factors
on soil microbial diversity and functionality. Nat Commun. 2020;11(1):3072. h
ttps://doi.org/10.1038/541467-020-16881-7.

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


https://doi.org/10.1111/2041-210x.14100
https://doi.org/10.1111/2041-210x.14100
https://doi.org/10.1007/s10533-017-0314-0
https://doi.org/10.1016/j.tree.2023.07.009
https://doi.org/10.1038/s41598-021-88839-8
https://doi.org/10.1038/s41598-021-88839-8
https://doi.org/10.1111/1365-2745.13969
https://doi.org/10.1038/ismej.2016.118
https://doi.org/10.1038/ismej.2016.118
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.3389/fpls.2023.1173962
https://doi.org/10.1093/bioinformatics/btv584
https://doi.org/10.1038/163688a0
https://doi.org/10.1038/163688a0
https://doi.org/10.1139/cjfr-2016-0468
https://doi.org/10.1139/cjfr-2016-0468
https://doi.org/10.1038/s42949-023-00086-0
https://doi.org/10.1038/s42949-023-00086-0
https://doi.org/10.1016/j.fecs.2025.100323
https://doi.org/10.1016/j.fecs.2025.100323
https://doi.org/10.1073/pnas.2307519120
https://doi.org/10.1073/pnas.2307519120
https://doi.org/10.1038/s41396-018-0082-4
https://doi.org/10.1038/s41597-024-03332-x
https://doi.org/10.3389/ffgc.2025.1540513
https://doi.org/10.1080/03036758.2019.1637352
https://doi.org/10.1080/03036758.2019.1637352
https://doi.org/10.1128/msystems.01221-20
https://doi.org/10.1128/msystems.01221-20
https://doi.org/10.1016/j.biocon.2022.109592
https://doi.org/10.1016/j.biocon.2022.109592
https://doi.org/10.1186/s13059-019-1891-0
https://doi.org/10.1186/s13059-019-1891-0
https://doi.org/10.1007/s11258-019-00979-0
https://doi.org/10.3390/microorganisms12040728
https://doi.org/10.3390/microorganisms12040728
https://doi.org/10.32614/cran.package.betareg
https://doi.org/10.32614/cran.package.betareg
https://doi.org/10.1038/s41564-018-0129-3
https://doi.org/10.1038/s41564-018-0129-3
https://doi.org/10.1016/j.soilbio.2019.107521
https://doi.org/10.1038/s41467-020-16881-7
https://doi.org/10.1038/s41467-020-16881-7

	﻿Urban forest restoration enhances soil microbial functional potential and functional insurance via shifts in ﻿β﻿-diversity
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Study sites
	﻿Sample collection
	﻿Vegetation data collection and calculations
	﻿Soil DNA extraction, sequencing, and bioinformatic data processing
	﻿Calculating functional insurance
	﻿Statistical analysis

	﻿Results
	﻿Vegetation richness shapes bacterial but not archaeal alpha diversity
	﻿Functional gene abundances vary dynamically with restoration
	﻿Multifunctional potential changes with beta diversity rather than alpha diversity
	﻿Functional insurance is driven by community composition rather than alpha diversity

	﻿Discussion
	﻿References


