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ABSTRACT

Soil microbiomes are fundamental ecosystem components that are increasingly used to monitor the efficacy of restoration ef-
forts. However, given high levels of functional redundancy among soil microbial taxa and the subsequent lack of definitive taxa-
function links, taxonomic assessments (e.g., via metabarcoding) alone are limited for inferring ecological recovery. Here, we
used shotgun metagenomics on soils from six post-agricultural restoration sites in southwest Western Australia to test whether
soil microbial functional potential recovers following restoration plantings. We compared taxonomic and functional gene di-
versity and composition across degraded, passively regenerated, revegetated, and remnant land conditions. Effective number
of functions (alpha diversity) did not differ across land conditions. However, functional composition (beta diversity) differed
between remnant and revegetated conditions and associated with altered soil abiotic properties, especially elevated phosphorus.
Remnant soils supported a greater diversity of phosphorus metabolism functions despite lower available phosphorus, indicating
a microbial adaptation to nutrient limitation in phosphorus deficient soils. Rather than indicating a lack of functional recov-
ery, these results suggest a functional response to persistent agricultural legacies that may reflect a shift toward an alternative
state. Restoration interventions that aim to target the soil microbiome (e.g., soil inoculations) or directly address abiotic legacies
(e.g., phosphorus mining plants) may therefore be required to facilitate recovery of the soil microbial functions and the wider
ecosystem.

| Introduction (Cramer et al. 2008; Brudvig et al. 2021). These post-agricultural

The effective restoration of natural ecosystems on post-agricultural
land is important to address global biodiversity declines (Chazdon
et al. 2020). However, post-agricultural restoration often faces
numerous challenges arising from altered soil abiotic proper-
ties including homogenised soil structure from tillage practices
and soil nutrient legacies from decades of fertiliser application

soil legacies can impede the recovery of both above- and below-
ground ecosystem components despite concerted restoration ef-
forts (Suding et al. 2004; Turley et al. 2020). Assessing the recovery
of soil microbial communities and their ecological functions
following restoration provides an informative monitoring ap-
proach to assess the effectiveness of restoration interventions
(Van Der Heyde et al. 2022; Robinson et al. 2023).
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Soil microbial communities show mixed responses to resto-
ration plantings. Some studies indicate a lack of recovery in
microbial communities decades after restoration interventions
(Turley et al. 2020; Peddle et al. 2024), while others more com-
monly indicate patterns toward recovery (Liddicoat et al. 2022;
Barber et al. 2023), although recovery is often incomplete
(Watson et al. 2022). While assessing the recovery of soil bacte-
rial communities following post-agricultural restoration sites
in southwest Western Australia, Peddle et al. (2024) showed
that agricultural land-use legacies, particularly elevated lev-
els of phosphorus, still persisted 17 years after the cessation of
agricultural practices and revegetation efforts. These land-use
legacies also associated with a lack of recovery in soil bacterial
community composition. While assessments of microbial com-
munities can provide indications of ecological succession and
recovery trajectories, a lack of recovery of community compo-
sition does not directly infer a lack of functional recovery due
to high levels of functional redundancy (or functional similar-
ity, see Eisenhauer et al. 2023) and horizontal gene transfer
between taxa (Allison and Martiny 2008). These high levels
of functional redundancy and the inability to directly link
microbial function to taxonomy indicate that functional re-
covery could occur despite incomplete recovery of taxonomic
composition.

Increasingly, studies are using single gene focused amplicon or
eDNA metabarcoding approaches to assess the recovery of mi-
crobial communities following restoration (Mohr et al. 2022;
Barber et al. 2023). However, because taxonomic identity alone
cannot reliably predict microbial functional roles due to high
functional redundancy and horizontal gene transfer (Allison
and Martiny 2008; Nkongolo and Narendrula-Kotha 2020),
such approaches provide limited insight into the ecological
processes underpinning recovery. Shotgun metagenomics
overcomes these limitations by directly sequencing and quan-
tifying microbial genomes, enabling more comprehensive as-
sessments of soil functional capacity and microbially mediated
processes such as nutrient cycling, organic matter decompo-
sition, and primary productivity (Breed et al. 2019; Mason
et al. 2023). Soil microbes drive these processes by convert-
ing organic matter, facilitating mineral weathering, and mo-
bilising key nutrients like nitrogen and phosphorus required
by plants and other organisms (Cavicchioli et al. 2019; Pang
et al. 2024). In nutrient-poor systems such as those of south-
west Western Australia, microbial functional diversity is es-
pecially critical, supporting plant-microbe interactions and
enabling adaptation to phosphorus limitation (Yao et al. 2018;
Oliverio et al. 2020). Metagenomic approaches therefore
provide powerful tools to evaluate ecosystem recovery and
resilience by revealing how microbial functional potential re-
sponds to restoration interventions and persistent soil legacies
(Robinson et al. 2023; Peddle et al. 2025).

Here, we used shotgun metagenomics to characterise the diver-
sity and composition of soil microbial communities and their
functions across four land conditions (degraded, passive regen-
erated, active revegetated, remnant) in six post-agricultural res-
toration sites in southwest Western Australia. We specifically
tested the following hypotheses: (i) Microbial taxonomic diver-
sity and composition differ among land conditions, reflecting
persistent effects of agricultural legacies and partial recovery

following restoration; (ii) The composition and diversity of mi-
crobial functional genes differ among land conditions, reflecting
functional responses to persistent soil legacies following agricul-
tural land use; (iii) Functions associated with phosphorus cy-
cling show distinct patterns of recovery across land conditions,
reflecting both nutrient legacies and microbially mediated re-
sponses to altered phosphorus availability. Although previous
amplicon-based assessments of the recovery of bacterial com-
munities at these sites indicated a lack of recovery of commu-
nity composition (Peddle et al. 2024), assessing the recovery of
microbial functions—such as phosphorus metabolism—will be
valuable for evaluating recovery trajectories, efficacy of resto-
ration interventions, and any corresponding shifts in functional
resilience (Mason et al. 2023).

2 | Materials and Methods
2.1 | Site Description and Soil Sampling

This study was conducted at six sites in southwest Western
Australia (Yarraweyah Falls, Monjebup Reserve, Red Moort
Reserve, Chingarrup Sanctuary, Chereninup Reserve, and
Beringa Reserve), situated between the Stirling Range
National Park and Fitzgerald River National Park (Figure 1).
While all sites are currently managed for conservation, they
were each previously used for agricultural cropping and ex-
perienced substantial clearing of native vegetation. The re-
gion falls within the southwest Australian floristic zone,
recognised as a global biodiversity hotspot due to its extraor-
dinary plant species richness, high levels of endemism, and
extensive habitat fragmentation resulting from land clearing
(Myers et al. 2000; Gioia and Hopper 2017). To counteract this,
various conservation groups are working to restore ecological
connectivity by re-establishing a diverse mallee heath vegeta-
tion community as part of the Gondwana Link project (Bradby
et al. 2016). The region experiences a Mediterranean climate,
with hot, dry summers and cool, wet winters, and receives an
average annual rainfall of approximately 455 mm (Australian
Bureau of Meteorology 2025). The soils are typically nutrient-
poor and range from shallow to deep sandy duplexes, char-
acterised by sandy or sandy-loam topsoils overlaying clay or
heavier-textured subsoils.

Each of the six sites was largely cleared for agricultural crop-
ping and grazing in the mid-20th century and has since un-
dergone extensive revegetation between 2002 and 2017 using
species-rich seed mixes sourced from local provenances. In
this study, four distinct land conditions were identified within
each site (hereafter referred to as land condition, denoting site
status along a degradation-restoration gradient rather than an
experimental treatment): (i) remnant natural vegetation that
was never cleared or used for cultivation (hereafter, remnant),
(ii) historically cleared areas with minimal to no agricultural
use that passively regenerated without direct seeding or plant-
ing (hereafter, regenerated), (iii) formerly cleared agricultural
land that has been actively revegetated via direct seeding
(hereafter, revegetated), and (iv) degraded areas that were his-
torically cleared for agriculture and are now actively managed
to suppress vegetation for firebreaks or access tracks (hereaf-
ter, degraded). A sampling design was implemented to ensure
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FIGURE1 | Maps indicating (A) location of the six study sites used for soil sampling in southwest Western Australia; and sampling design and

layout of degraded, passive restoration, revegetation, and remnant land conditions at each sampled site (B) Yarraweyah Falls, (C) Monjebup North

Reserve, (D) Red Moort Reserve, (E) Chingarrup Sanctuary, (F) Chereninup Reserve, (G) Beringa Reserve.

each site contained all four land conditions in close proximity
(Figure 1). At each site, 25X 25m quadrats were established
within each of the four land conditions in September 2020.
Within each of these quadrats, nine soil subsamples were sys-
tematically collected from the top 10cm of topsoil to account
for plot-scale spatial heterogeneity. These subsamples were
pooled and homogenised, with a 50mL sample frozen on-
site for subsequent DNA extraction and 500 g of soil retained
for physicochemical analysis at CSBP Laboratories (Perth,
Western Australia) quantifying texture, pH, conductivity,
organic carbon, available phosphorus (Colwell), ammonium
nitrogen, nitrate nitrogen, potassium (Colwell), sulphur, and
total copper, iron, manganese, zinc, aluminium, calcium, so-
dium, and boron.

2.2 | Shotgun Metagenomic Sequencing
and Bioinformatics

DNA was extracted from each soil sample using the Qiagen
DNeasy Powerlyzer Powersoil Kit (Qiagen, Hilden, Germany)
following the manufacturer's instructions and quantified
fluorometrically. Libraries were prepared using Nextera li-
brary prep kits (Illumina, San Diego, CA); then linear DNA
libraries were converted into DNA nanoball (DNB) structures
using the MGIEasy Universal Library Conversion Kit (MGI,
China). Three of our samples failed library prep, and the re-
maining 21 libraries were sequenced at the South Australian
Genomics Centre (SAGC) with the MGI DNBSEQ G400
(MGI, China) producing 2 X 150bp paired-end sequences.
Bioinformatic processing of the metagenomics data was per-
formed using DeepThought high performance computing
(Flinders University 2021). Data cleaning was conducted
using fastp v0.23.2 (Chen et al. 2018), which included trim-
ming adapters from DNB sequences. Taxonomic IDs were

assigned using Kraken2 v2.0.7 (Wood et al. 2019) using the
PlusPFP database (k2_pluspfp_20231009, downloaded 9
October 2023), followed by Bracken v2.9 (Lu et al. 2017) to es-
timate taxonomic abundances at the species level using a read
length of 100bp and the same database. Bracken reports were
converted to MeataPhlAn-style profiles using KrakenTools
(Lu et al. 2022) and combined into a single taxonomic abun-
dance table. We assigned prokaryotic gene functions directly
to quality-filtered reads using SUPER-FOCUS vl1.6 (Silva
et al. 2015) with the Diamond v0.9.14 aligner (Buchfink
et al. 2021). We used a read-based approach because assem-
bly in highly diverse soil metagenomes can bias against low-
abundance genes and obscure community-wide functional
capacity, whereas direct read annotation preserves functional
diversity and is widely applied in soil ecosystem studies (Sun
and Badgley 2019; Mason et al. 2023). Functional assignments
were subsequently grouped into unique functional processes
and three thematic functional subsystems from the DB_100
SEED database (Overbeek et al. 2004).

2.3 | Statistical Analysis

All statistical analyses were conducted in R version 4.4.0 (R Core
Team 2024). Analyses were designed to assess differences in
microbial taxonomic and functional diversity and composition
among land conditions and sites, and to evaluate associations
between compositions and soil physicochemical properties.
Unless stated otherwise, identical analytical frameworks were
applied to taxonomic data, the full functional gene dataset, and
targeted functional subsystems. Relative abundance normali-
sation was applied to both taxonomic and functional datasets
to account for differences in sequencing depth among samples.
Because SUPER-FOCUS assigns functions only to prokaryotic
reads, taxa classified as Eukaryote at the kingdom level were
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removed from the taxonomic dataset to ensure comparability
between taxonomic and functional analyses. Soil physicochemi-
cal variables were mean-centred and standardised prior to mul-
tivariate analyses.

2.3.1 | Alpha Diversity

To test hypotheses H1 and H2, we quantified and compared tax-
onomic and functional alpha diversity among land conditions.
Alpha diversity was quantified as the effective number of spe-
cies or functions, calculated as the exponent of Shannon's diver-
sity index (Jost 2006). Differences among land conditions were
tested using analysis of variance (ANOVA) with Tukey post hoc
comparisons. Assumptions of all ANOVA models were checked
on residuals using Shapiro-Wilk tests for normality, Q-Q plots,
and Bartlett tests for homogeneity of variances. This approach
was applied to taxonomic diversity, overall functional diversity,
and selected functional subsets.

2.3.2 | Community and Functional Composition

To test hypotheses H1 and H2, we examined differences in
microbial taxonomic and functional composition among land
conditions and sites. Differences in microbial taxonomic and
functional composition were visualised using non-metric multi-
dimensional scaling (NMDS) ordinations based on Bray-Curtis
dissimilarities. Statistical differences in composition among
land conditions and sites were tested using permutational mul-
tivariate analysis of variance (PERMANOVA) with the adonis2
function in the vegan package (Oksanen et al. 2013), using 999
permutations. These analyses were applied consistently to tax-
onomic composition, overall functional composition, and se-
lected functional subsets.

2.3.3 | Associations With Soil
Physicochemical Properties

To contextualise hypotheses H1 and H2, we assessed asso-
ciations between community and functional composition
and soil physicochemical properties. Associations between
microbial community or functional composition and soil
physicochemical properties were assessed using constrained
correspondence analysis (CCA). Prior to analysis, highly col-
linear soil variables (r>0.75) were removed using the find-
Correlation function in the caret package (Kuhn 2015). Final
models were selected using forward stepwise selection (ordi-
step in vegan), and the significance of constrained models and
individual axes was assessed using permuted ANOVA with
999 permutations. This analytical framework was applied to
taxonomic composition, overall functional composition, and
selected functional subsets.

2.3.4 | Functional Group Analyses
To directly test hypothesis H3, we examined patterns in

functional groups associated with phosphorus cycling and
other nutrient-related processes across land conditions. To

characterise patterns across the functional dataset, the relative
abundance of the 20 most abundant subsystem 1 functional cat-
egories were visualised using stacked bar plots. Differences in
relative abundance among land conditions were tested using
permuted ANOVAs. Functional groups showing significant
differences among land conditions, as well as those linked to
previously identified abiotic legacies (i.e., phosphorus metabo-
lism, iron acquisition and metabolism, sulphur acquisition and
metabolism, and nitrogen metabolism), were selected for further
analysis.

For these selected functional groups, alpha diversity, composi-
tional differences, and associations with soil physicochemical
properties were assessed using the same analytical frameworks
described above. Relative abundances of finer-scale functional
categories (subsystem 2 or subsystem 3, where applicable) were
visualised and tested individually for differences among land
conditions using permuted ANOVAs.

2.3.5 | Differential Abundance
and Correlation Analyses

Differential abundance and correlation analyses were used
to further resolve functional differences related to phospho-
rus cycling (H3). To identify specific phosphorus metabo-
lism functions contributing to compositional differences
among land conditions, differential abundance analyses were
conducted using ANCOMBC2 on raw count data (Lin and
Peddada 2024). Pairwise contrasts were performed compar-
ing degraded, regenerated, and revegetated soils against rem-
nant soils.

Relationships between phosphorus metabolism functional
diversity and available soil phosphorus were assessed using
Kendall's rank correlation. Differences in available phosphorus
among land conditions were tested using ANOVA and visual-
ised using scatterplots.

3 | Results

Our analysis generated taxonomic libraries with a total of
64,345,215 reads (mean 3,064,058 reads per sample) contain-
ing 13,940 unique microbial species (mean 10,344 per sample)
(Table S1). Our functional libraries consisted of 72,657,207 reads
(mean 3,459,867 per sample) containing 35,276 unique functions
(mean 24,021 per sample) (Table S1).

3.1 | Alpha Diversity

The effective number of species did not differ among our four
land conditions (Figure 2A, Table S2; ANOVA, df=3, F=2.42,
p=0.102), although revegetated soil exhibited the lowest ef-
fective number of species (mean effective no. species=+SD:
revegetated 2196.32+252.89, remnant 2419.69 +102.89, regen-
erated 2450.89+95.28, degraded 2500.00 +265.11). Across the
full functional dataset, effective number of functions also did
not differ among land conditions (Figure 2B; ANOVA, df=3,
F=1.841, p=0.178).
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of species (mean =+ SE) in soil samples collected across four land conditions. Groups sharing the same letter do not differ (p > 0.05). (B) Effective num-
ber of functions (mean + SE) in soil samples collected across four land conditions. Groups sharing the same letter do not statistically differ (p>0.05).
(C) Constrained correspondence analysis (CCA) indicating microbial taxonomic compositions and the associated model-selected soil abiotic prop-
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abiotic properties.

3.2 | Community and Functional Composition

Microbial taxonomic composition varied across both land con-
dition and site (Table S3, Figure 3A; PERMANOVA, condition,
F,,,=2.242, R*=0.283, p=0.009; site, F, ,=1.703, R*=0.362,
p=0.029). We also found compositional differences when com-
paring all functions represented in samples across land condi-
tion and site (Table S3, Figure 3B; PERMANOVA, condition,
F,,,=2.015, R*=0.262, p=0.015; site, F;,,=1.977, R?=0.397,
p=0.006), with remnant and revegetated conditions displaying

clear differences in functional compositions.

3.3 | Associations With Soil Physicochemical
Properties

After removing highly correlated variables, we found associa-
tions between microbial community composition and nitrate,
pH, phosphorus, sulphur, aluminium, and iron (Figure 2C).
CCA also showed associations between functional compositions
across land conditions with nitrate, pH, phosphorus and sulphur
(Figure 2D).

3.3.1 | Functional Group Analyses

We identified 35 functional groups (or themes) at the subsystem 1
level, the 20 most abundant of which represented 99.00% of the sum
total functional capacity attributed across all samples (Figure S1).
The relative abundance of functions related to amino acids and
derivatives (permuted ANOVA, ¢t=9.588, BH adj p=0.034), car-
bohydrates (permuted ANOVA, t=9.905, BH adj p=0.034),
clustering-based subsystems (permuted ANOVA, t=11.230, BH
adj p=0.020), DNA metabolism (permuted ANOVA, t=13.217,
BH adj p=0.002), and regulation and cell signalling (permuted
ANOVA, t=11.688, BH adj p=0.019) differed across land condi-
tions (Figure S1) and therefore were examined in more detail (see
below), along with phosphorus metabolism, iron acquisition and
metabolism, sulphur acquisition and metabolism, and nitrogen
metabolism functions (as previously noted).

For phosphorus metabolism, remnant samples had the high-
est effective number of phosphorus metabolism functions and
were significantly greater than the effective number of phos-
phorus metabolism functions from degraded and revegetated
land conditions (Table S2, Figure 4A; ANOVA, df=3, F=7.722,
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FIGURE 3 | Non-metric multidimensional scaling ordinations (NMDS) indicating compositions of microbial (A) Taxonomy, (B) All functions,
(C) Phosphorus metabolism, (D) Iron acquisition and metabolism, (E) Sulphur acquisition and metabolism, (F) Amino Acids and Derivates, (G)
Carbohydrates, (H) Clustering-based subsystems, (I) DNA metabolism, (J) Regulation and cell signalling, (K) Nitrogen metabolism functions across
the four land conditions and six sites. Differences (p <0.05) across land condition and site were tested with PERMANOVA.
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FIGURE4 | Functional diversity, composition and associations with soil abiotic properties for phosphorus metabolism functions at the functional
process level. (A) Effective number of phosphorus metabolism functions (mean + SE) in soil samples collected across four land conditions. Groups
sharing the same letter do not differ (p>0.05, Kruskal-Wallis, Dunn test). (B) Constrained correspondence analysis (CCA) indicating the compo-
sition of phosphorus metabolism functions and the associated model-selected soil abiotic properties. (C) Phosphorus (Colwell) levels (mean + SE)
in soil samples collected across the four land conditions. Groups sharing a letter do not differ (p > 0.05, Kruskal-Wallis, Dunn test). (D) Correlation
(Kendall's Tau) of effective number of phosphorus metabolism functions and soil phosphorus levels. (E) Bar plot of significant differential abundanc-
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p=0.001). While we only found weak evidence that the com-
position of phosphorus metabolism functions differed across
land condition, they differed across site (Table S3, Figure 3C;
PERMANOVA, condition, F3,17: 1.683, R?=0.229, p=0.079;
site, Fy ;5=2.917, R?=0.493, p=0.001). CCA indicated phospho-
rus functional compositions across land condition associated

with phosphorus, nitrate, copper, pH, and sulphur (Figure 4B).

For all the other subsystem 1 functional groups we assessed (i.e.,
amino acids and derivatives, carbohydrates, clustering-based
subsystems, DNA metabolism, regulation and cell signalling,
iron acquisition and metabolism, and sulphur acquisition and
metabolism), only the DNA metabolism functional group dif-
fered in effective number of functions with the remnant land
condition differing to revegetation (Figure 5; Tukey, diff=3.41,
95% CI [0.23, 6.59] adj p=0.03, remnant 118.31+2.00SD, re-
generated 117.68+1.85, degraded 115.92+2.23, revegetated
114.90 £1.16). The compositions of functions for most subsys-
tem groups differed across land conditions and sites (Table S3,
Figure 3). Although functional compositions in all other sub-
system groups associated with various soil abiotic properties,
specific trends of associations across land conditions were less
clear than the associations with compositions at one site in par-
ticular (i.e., Chereninup; see Figure 6). For the relative abun-
dance of subsystem 2 or 3 groups within each of the assessed
subsystem 1 groups, few groups differed across land condition
(Figures S3-S10).

3.4 | Differential Abundance and Correlation
Analyses

We found no difference in the relative abundance of any spe-
cific phosphorus metabolism subsystem 3 functional group
across land conditions (Figure S2; permuted ANOVA, p>0.05
for all). Two phosphorus metabolism functions—Phosphonate
utilisation associated acetyltransferase and Ribose 1,5 bisphos-
phate phosphokinase (PhnN; EC 2.7.4.23)—showed condition-
specific reduced abundances relative to the remnant condition
(Figure 4E, Table S4).

While available phosphorus (Colwell) levels did not differ statis-
tically (likely due to low sample sizes) across our land conditions
(Figure 4C; ANOVA, df=3, F=1.164, p=0.352), phosphorus lev-
els were generally lower in remnant soils and 2-3 times higher
in revegetated soils (remnant 3.32+2.14, degraded 6.52+6.73,
regenerated 9.07 £8.11, revegetated 10.3+7.63). Kendall's rank
correlation test showed a moderate negative correlation between
phosphorus levels and phosphorus metabolism functional diver-
sity (Figure 4D; =—-0.38, z=—2.38, p=0.018).

4 | Discussion

Restoring soil microbial function is a major challenge in post-
agricultural landscapes. Using metagenomics on soils from
southwest Western Australia, we found that functional alpha
diversity was consistent across degraded, regenerated, revege-
tated, and remnant land conditions, but functional composition
differed, particularly between revegetated and remnant soils.
These compositional differences were strongly linked to soil

abiotic legacies, especially phosphorus availability. Remnant
soils supported the greatest diversity of phosphorus metabolism
functions despite the lowest levels of available phosphorus, re-
flecting microbial adaptation to phosphorus cycling under nu-
trient limitation. Taxonomic differences observed across land
conditions were expressed primarily as shifts in overall commu-
nity composition rather than consistent changes in the relative
abundance of specific higher-level taxa. Together, these findings
suggest that persistent agricultural legacies—particularly al-
tered phosphorus levels from fertiliser application—shape mi-
crobial functional trajectories and may promote the emergence
or persistence of an alternative state. Targeted interventions,
such as soil inoculations to initiate microbial recovery or phos-
phorus reduction through the introduction of phosphorus min-
ing plants, may therefore be required to overcome these legacies
and achieve effective restoration outcomes (Peddle et al. 2025).

The greater diversity of phosphorus metabolism functions in
remnant soils with low available phosphorus suggests long-term
selection for microbial communities with a broader functional
potential for phosphorus acquisition under nutrient limitation.
This pattern is supported by the negative correlation between
phosphorus availability and phosphorus functional diversity. In
remnant soils, community-level enrichment of diverse phospho-
rus cycling genes likely reflects the persistence of multiple phos-
phorus acquisition strategies among co-occurring taxa rather
than increased rates of functional activity (Yao et al. 2018;
Oliverio et al. 2020). In contrast, revegetated and degraded soils
with elevated phosphorus showed reduced diversity in these
pathways, consistent with preferential use of inorganic phos-
phate over phosphonates, which requires less energy investment
(Condron et al. 2005). Although compositional differences in
phosphorus functions were modest, they were strongest between
remnant and revegetated soils and aligned with abiotic differ-
ences, particularly lower phosphorus in remnants. Moreover,
the repeated associations of soil phosphorus levels with the
compositions (beta diversity) of multiple other functional sub-
systems, as well as to taxonomic beta diversity, provides further
evidence for the strong role of post-agricultural phosphorus leg-
acies impacting the recovery of microbial communities and their
functions (Peddle et al. 2024; Wang et al. 2024). Our findings
align with previous research indicating that phosphorus avail-
ability is a key soil property that shapes microbial and functional
compositions, particularly in dry and phosphorus-limited soil
environments (Liu et al. 2012; Delgado-Baquerizo et al. 2017;
Oliverio et al. 2020).

Although we did not identify any differences in the relative
abundances of subsystem 3 phosphorus metabolism levels (e.g.,
Alkylphosphonate utilisation, P uptake cyanobacteria, high
affinity phosphate transporter, control of PHO regulon etc.),
two specific phosphorus metabolism genes at the functional
process level (Phosphonate utilisation associated acetyltrans-
ferase and Ribose 1,5 bisphosphate phosphokinase PhnN EC)
involved with microbial degradation of phosphonates were less
abundant in revegetated, degraded, and, to a lesser extent, re-
generated soils compared to remnant soils. Agricultural soils
in Western Australia have a history of extensive application of
superphosphate fertiliser, which can lead to a legacy of elevated
phosphorus even decades after revegetation and restoration
(Lambers et al. 2011; Daws et al. 2019; Parkhurst, Standish, and
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Prober 2022). The decreased abundance of these two genes in re-
vegetated post-agricultural soils likely reflects a shift away from
low phosphorus microbial acquisition strategies due to higher
residual phosphorus. Together, these findings indicate that
while overall phosphorus functional diversity appears highest
in remnant soils, the specific metabolic pathways utilised by mi-
crobial communities differ in post-agricultural land conditions,
potentially influencing phosphorus cycling dynamics and long-
term ecosystem recovery.

We show that several abiotic soil properties strongly associate
with microbial community and functional compositions, with
nitrate, pH, phosphorus, sulphur, aluminium, and iron each
associating with either microbial community or functional
compositions. Some of these multivariate associations were
particularly pronounced at the Chereninup site, likely reflect-
ing site-specific soil heterogeneity, but the direction and na-
ture of these relationships were consistent with the broader
patterns observed across land conditions. These findings re-
inforce the importance of soil abiotic properties in shaping
restoration outcomes (Robinson, Liddicoat, et al. 2024) high-
lighting that outcomes are not solely dictated by vegetation
establishment but are also potentially constrained by soil leg-
acies from past land use (Toledo et al. 2018; Parkhurst, Prober,
et al. 2022; Peddle et al. 2024). While overall functional di-
versity did not differ across our land conditions, subtle com-
positional shifts indicate that functions in revegetated soils
remain distinct from those in remnant ecosystems. These sub-
tle differences in functions do not necessarily reflect a ‘lack of
recovery’ or dysfunction per se but may instead reflect altered
functional dynamics consistent with the emergence of an al-
ternative state in restoration sites with unaddressed land-use
legacies (Suding et al. 2004). We acknowledge that our sin-
gle time-point sampling design cannot directly demonstrate
temporal stability, a key criterion of alternative stable states.
However, the persistent compositional and functional differ-
ences aligned with altered soil phosphorus conditions are con-
sistent with the mechanisms proposed to underlie alternative
states in terrestrial ecosystems.

If full functional recovery to match remnant conditions is
the goal of a restoration project, addressing these constraints
through targeted soil translocations/inoculations and/or bio-
stimulation strategies (e.g., ecological phage therapy, Davies
et al. 2024; sonic restoration, Robinson, Annells, et al. 2024)
may be beneficial to accelerate microbial functional recovery in
soil ecosystems. Moreover, further research of functional recov-
ery using RNA-based metatranscriptomic sequencing is needed
to confirm if these functions are being actively expressed in the
environment (Breed et al. 2019). The metagenomic sequencing
methods we use here are limited in that they can only be used
infer functional potential from the presence of genes, not their
active expression (Cordier et al. 2019). Although, we would
expect the functional capacities of microbiota to be shaped by
available resources and environmental conditions over extended
periods of time (Zhu et al. 2023). Furthermore, while our anal-
yses focused on prokaryotic communities, fungi and other soil
eukaryotes are known to play critical roles in soil structure, nu-
trient cycling, and restoration trajectories (Aslani et al. 2025),
highlighting an important avenue for future work integrating
multi-kingdom approaches.

The strong association between phosphorus metabolism di-
versity and available phosphorus levels indicates that post-
agricultural abiotic legacies continue to shape microbial
functions, constraining long-term nutrient cycling and plant-
microbe interactions. Accordingly, restoration efforts should not
only focus on vegetation recovery but also on strategies to pro-
mote microbial functional recovery that, for example, supports
ecosystem processes such as nutrient cycling. Interventions
such as soil inoculations with microbial communities sourced
from remnant ecosystems, or phosphorus mining from soil via
phosphorus accumulating plants (Ryan et al. 2009), may help
restore pre-disturbance soil conditions and functional compo-
sitions. However, the effectiveness of such approaches will de-
pend on microbial establishment and persistence despite altered
soil conditions and the development of practical techniques to
reduce available phosphorus in soil. These uncertainties high-
light the need for further research on how to overcome land-use
legacies and to identify the ecological and abiotic constraints on
microbial functional recovery in post-agricultural landscapes,
consistent with findings across a range of terrestrial landscapes
(Peddle et al. 2024; Gomes et al. 2025).
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